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Welcome to the fourth edition of C-MAS, the International Workshop on Citizen-
Centric Multiagent Systems. C-MAS continues to explore how multiagent systems,
autonomous agents, and AI-based sociotechnical systems can be designed around citi-
zens as active participants rather than passive users, data sources, or service recipients.
As AI systems increasingly mediate access to public services, information, mobility,
finance, healthcare, and collective decision-making, it becomes essential to understand
how citizens’ preferences, values, rights, vulnerabilities, and strategic behaviours can
be represented and respected.

C-MAS 2026 builds on the foundations established in previous editions by broad-
ening the discussion around citizen agency, accountability, fairness, and participation.
This year’s accepted papers address a diverse set of topics, including accountability and
explainability in citizen-centric MAS, emotionally intelligent human-AI interaction,
biased social norms in large language models, long-term fairness dynamics, strategic
behaviour in school choice and lending, multiagent reinforcement learning for cooper-
ation and logistics, human-centric mobility services, algorithmic influence in informa-
tion diffusion, and the realism of generative agents in social simulations.

The workshop also features a keynote by Dr. Roxana Rădulescu on human-aligned
agents and multi-objective reinforcement learning. The keynote highlights a central
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challenge for citizen-centric AI, namely that many socially relevant problems involve
multiple stakeholders, conflicting objectives, and trade-offs that cannot be reduced to
a single reward signal. This perspective strongly resonates with the themes of C-MAS
2026, where the design of AI and multiagent systems requires not only technical per-
formance or the optimisation of a single aspect, but also attention to transparency, trust,
fairness, and human values.

We hope these proceedings provide a useful snapshot of current research on citizen-
centric multiagent systems and help foster further collaboration across AI, multiagent
systems, social simulation, responsible AI, public policy, and human-centred design.
We thank all authors, reviewers, organisers, session chairs, and participants for con-
tributing to the continuing development of the C-MAS community.

Further details about C-MAS 2026 are available on the workshop webpage:
https://sites.google.com/view/cmas2026
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1 Keynote: From Friction to Synergy: Building Human-
Aligned Agents with Multi-Objective Reinforcement
Learning

Keynote by Dr. Roxana Rădulescu, Utrecht University

Most complex problems of social relevance, such as climate change mitigation,
taxation policy design, and traffic management, are inherently multi-agent and multi-
objective, involving diverse stakeholders with frequently conflicting goals. Building
human-aligned agents in these domains requires a framework capable of navigating
the inevitable friction between disparate objectives. While Reinforcement Learning
has become a pivotal tool for designing solutions in these critical areas, traditional
RL often falls short by collapsing complex trade-offs into a single scalar reward. In
this talk, Dr. Roxana Rădulescu discusses how Multi-Objective Reinforcement Learn-
ing (MORL) offers a more robust and adaptable alternative by explicitly modeling the
multi-dimensional nature of feedback signals. She presents MORL as a foundational
framework for conflict-aware systems, showcasing how it can foster key principles like
explainability, transparency, and trust. Finally, she explores how this multi-objective
approach provides a flexible mechanism for humans and agents to co-evolve solutions,
turning systemic conflict into collaborative synergy.

Dr. Roxana Rădulescu is an Assistant Professor in AI and Data Science at the De-
partment of Information and Computing Sciences at Utrecht University. Her research
focuses on reinforcement learning and multi-agent systems, with particular empha-
sis on multi-objective decision-making and multi-objective multi-agent reinforcement
learning (MOMARL), where autonomous agents must balance multiple, often con-
flicting objectives. She received her PhD in Computer Science (Artificial Intelligence)
from Vrije Universiteit Brussel, where her work developed a utility-based perspective
on decision-making in multi-objective multi-agent systems. Prior to joining Utrecht
University, she was a postdoctoral researcher at the Artificial Intelligence Lab at Vrije
Universiteit Brussel supported by an FWO fellowship. Her work spans reinforcement
learning, game theory, and multi-objective optimisation, and has been published in
leading venues such as JAAMAS and AAMAS. She is also actively involved in the AI
research community through tutorials at major conferences and service roles including
organizing committees for AAMAS, IJCAI, and ECAI.
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2 Norms, Accountability, and Human-Aligned Agents

2.1 Explainability through Accountability in Citizen-Centric Mul-
tiagent Systems
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Explainability through Accountability in
Citizen-Centric Multiagent Systems

Matteo Baldoni1[0000−0002−9294−0408], Cristina Baroglio1[0000−0002−2070−0616],
Elisa Marengo1[0000−0003−1879−2088], Roberto Micalizio1[0000−0001−9336−0651],

and Stefano Tedeschi2[0000−0002−9861−390X]

1 Università degli Studi di Torino - Dipartimento di Informatica, Torino, Italy
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2 Università della Valle d’Aosta - Université de la Vallée d’Aoste, Aosta, Italy
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Abstract. AI is increasingly used in critical areas like healthcare, en-
ergy, and disaster response, where trust and transparency are essential.
Current explainable AI approaches treat citizens as passive users, ig-
noring their stakeholder roles and expectations. This paper argues for
accountability as a core principle in multi-agent systems (MAS), going
beyond post hoc justification of decisions. Accountability creates a socio-
technical framework for continuous feedback and decision interpretation
among all agents –human and AI. It supports meaningful explanations,
fairer outcomes, and participatory processes, empowering citizens as ac-
tive participants. By integrating organizational models, accountability
ensure AI systems align with societal needs and values.

Keywords: Accountability · Explanation · Organizations.

1 Introduction

Large-scale AI systems are increasingly embedded in socio-technical contexts
that shape citizens’ everyday lives, such as energy management, urban mobil-
ity, or emergency response (see, e.g., [1, 22]). Here, AI must not only be effec-
tive, but also trustworthy, fair, and aligned with human values. Yet, citizens
are often treated as passive data providers or service consumers rather than as
stakeholders in system design. Multi-agent Systems (MAS) [29] represent a step
forward towards encompassing citizens in a value-respectful way because they
explicitly represent autonomous and interacting entities (the agents), that may
well amount to citizens, service providers, infrastructures, and institutions. De-
spite having proved effective in software engineering and business process mod-
eling, the autonomy and distribution characteristic of MAS still pose challenges
to transparency and responsibility, especially when decisions have social conse-
quences, calling for further means that involve explanations and accountability.

Explainable AI (xAI) [24] has emerged to address these issues by providing
human-understandable explanations of system behavior. Indeed, AI systems, es-
pecially those based on machine learning, are often opaque: sometimes even
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2 M. Baldoni et al.

the designers cannot determine why the system came up with a decision in
high-level, meaningful terms, rather than relying on mathematical considera-
tions. This opacity extends to MAS, where agents are, by their own nature,
autonomous. In this context, the need of providing agents and MAS with capa-
bilities and infrastructures that make decisions/behaviors explainable, emerges
not only to provide the end user with human-understandable explanations, but
also from a software engineering perspective because the exchange of explana-
tions between components is functional to the system’s overall objectives. Yet,
in complex MAS, explanations alone are insufficient because they are context-
dependent, audience-specific, and often disconnected from the organizational
structures – that does not determine who should provide explanations, to whom,
and for what purpose. The need for explanation is, indeed, part of a broader
problem, related to the absence of properly devised channels for collecting and
propagating feedback about agents’ decisions/actions through a network of au-
tonomous, yet interconnected, parts.

In this paper, we advance two main arguments. First, we contend that ac-
countability is a fundamental requirement for citizen-centric multi-agent systems
(C-MAS), as it provides the socio-technical infrastructure through which expla-
nations can be generated, situated, contested, and leveraged for learning and
adaptation. Second, we argue for a shift from a sole focus on explainability to-
ward the explicit modeling of accountability relationships among agents, with
citizens treated as first-class stakeholders. These perspectives are complemen-
tary but not equivalent. We posit that accountability should not be understood
merely as a means to enhance explainability; rather, it constitutes the underlying
infrastructure that enables explanations to emerge, evolve, and be meaningfully
used. In this sense, explainability is better conceived as an outcome, whereas
accountability provides the mechanisms and structures through which such out-
comes can be systematically realized.

2 Explanation and Explainability

Explanation has long been studied in philosophy, psychology, and cognitive sci-
ences [27]. It can be analyzed at two complementary levels: the process of explain-
ing, and the resulting explanatory product. Explaining is commonly understood
as providing an answer to a “why” question about an event or decision [21]. In
C-MAS, such a need naturally arises when citizens and other stakeholders seek
to understand system behavior. In AI, this view dates back to Reiter’s work
on Model-Based Diagnosis (MBD) [26], where explanations are derived by in-
terpreting observed behavior (i.e., symptoms) with respect to a system model.
The expressive power of the model shapes the explanations that can be pro-
duced: models of normal behavior yield consistency-based explanations, while
models including abnormal behavior support abductive explanations that cap-
ture underlying causes [14]. While these approaches provide a solid foundation
for reasoning about explanations, their application to C-MAS is complex because
of the heterogeneity of stakeholders, that include citizens, service providers, and
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Explainability through Accountability in Citizen-Centric Multiagent Systems 3

public authorities, each with their roles, knowledge, and legitimate expectations.
Moreover, agents typically have only partial views of the overall system, which
limits their individual ability to produce explanations.

Structurally, explanations distinguish an explanandum, the phenomenon to
be explained, and an explanans, i.e., the set of statements adduced to make sense
of the explanandum. A scientific explanation is considered sound when: (i) the
explanandum logically follows from the explanans; (ii) the explanans includes
general laws; (iii) the explanans has empirical content; and (iv) the statements
constituting the explanans are true [21]. However, some scholars argued that
formal soundness alone is insufficient if explanations fail to address stakehold-
ers’ informational needs: following [27], explanation is inherently audience- and
context-dependent, and what is included, omitted, or taken for granted depends
on the intended recipients and their background knowledge. As a result, ex-
planations are often partial and selective, even when they are formally correct.
This aspect is particularly relevant in C-MAS, where citizens may lack techni-
cal expertise but remain entitled to understand. This pragmatic view is further
articulated by [23], who characterizes explanation as involving both a cognitive
process, identifying potentially relevant causes of an event (often via counter-
factual reasoning), and a social process of knowledge transfer between explainer
and explainee. This social dimension is particularly salient in C-MAS, where
explanations must support coordination, trust, and informed decision-making.

2.1 The Limits of the Approach with an Example

In distributed and autonomous settings such as C-MAS, actions and decisions
depend on the availability of contextual information that is often fragmented
across agents. Thus, the causal dependencies required for meaningful explana-
tions may be unavailable to the agent that detected a failure, since each agent
has a partial view of the system and of the social implications of its decisions.

Consider an on-demand mobility service designed to complement public trans-
portation in underserved areas. The system coordinates a fleet of shared vehicles
through a MAS architecture involving citizen agents (representing individual
travelers), dispatch agents (operated by the service provider), and policy agents
(representing constraints imposed by local authorities, such as equity or envi-
ronmental goals). Citizens submit ride requests specifying pickup and drop-off
locations, time constraints, and optionally accessibility requirements. During
peak hours, a citizen’s ride request may not be assigned within the expected
time window. A naïve explanation – no vehicle was available – may be techni-
cally correct, yet insufficient in a citizen-centric context. The lack of assignment
may result from multiple, context-dependent factors: the citizen may have spec-
ified accessibility constraints that only a subset of vehicles can satisfy; policy
agents may have temporarily prioritized vulnerable users or essential workers;
or real-time traffic conditions may have invalidated previously feasible routes.
None of these factors is necessarily visible to the dispatch agent in isolation, nor
are they apparent to the citizen receiving the explanation. If the dispatch agent
is asked to explain the failure, it can only report information available within
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its local context, such as the absence of feasible vehicle assignments under its
current optimization model. Although correct, this explanation does not enable
the citizen to understand whether the outcome was due to personal constraints,
broader policy decisions, or system limitations. Nor does it support the system in
determining whether the failure reveals a need for improved preference modeling,
revised incentive mechanisms, or policy adjustments.

This example illustrates that explanations produced by individual agents
are rarely sufficient on their own. Their usefulness depends on the availability
of structured mechanisms for gathering, propagating, and interpreting context-
rich information across agents with different roles and responsibilities. In the
following, we argue that accountability, and in particular the interpretation in
[2, 4–7, 9], provides the necessary infrastructure for enabling such mechanisms.

3 Accountability as a Foundation for C-MAS

Accountability plays a central role in human organizations, yet it is a multi-
faceted concept with multiple interpretations. In this work, we adopt a notion of
accountability that supports explanation, learning, adaptation, and innovation
– capabilities that are all essential for C-MAS. Our perspective is inspired by
organizational frameworks such as UNDP [19], where accountability is realized
through processes for monitoring, evaluating, and improving performance based
on evidence. These frameworks define roles, responsibilities, and procedures to
foster continuous learning and capacity-building, treating deviations and fail-
ures as opportunities for reflection and improvement. Accountability also enables
oversight by making information available for assessing compliance with regula-
tory and ethical standards. Despite domain differences, similar principles emerge
across organizations (e.g., [25, 28]). Here, accountability provides the infrastruc-
ture through which relevant information is collected, shared, and interpreted by
authorized actors, supporting a feedback loop that links actions to reporting and
learning. This understanding is established in sociology where accountability is
a key feature of governance grounded in shared expectations [18], and extends
beyond blame to include the capacity and legitimacy to provide accounts [17],
becoming a mechanism for the constitution of social order [20].

Computationally, accountability can be modeled as a relationship between
an account taker (a-taker), who is entitled to request an account, and an account
giver (a-giver), who is obliged to provide it [3, 9]. In C-MAS, it offers a principled
way to represent citizens, service providers, and institutions as stakeholders with
legitimate claims and responsibilities. While related to explainability, account-
ability is not equivalent to it: accounts are structured, context-rich information
about actions and conditions, while explanations are interpretive constructs tai-
lored to specific audiences. Accountability ensures that accounts are available,
traceable, and accessible, enabling the construction of explanations when needed.

Returning to the mobility scenario, accountability relations can be estab-
lished along the organizational structure of the system. For instance, vehicle
agents are accountable to dispatch agents with respect to their status (e.g.,
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availability, faults, delays); policy agents are accountable to dispatch agents re-
garding the activation of prioritization rules; and dispatch agents are accountable
to citizen agents for allocation decisions. When a ride request is not fulfilled, the
citizen agent (a-taker) can request an account from the dispatch agent (a-giver).
In turn, the dispatch agent may request accounts from other agents to recon-
struct the relevant context. Through this chain of accountability, the dispatch
agent can assemble a structured, context-rich account of the event. For example,
it may combine information about vehicle unavailability, policy-driven prioritiza-
tion, and traffic disruptions into a coherent account explaining why the request
could not be satisfied within the expected time window. Each contributing agent
provides information for which it is accountable, ensuring traceability and re-
liability. The resulting explanation is no longer a simplistic statement, but a
grounded and interpretable reconstruction of the decision context. E.g., the sys-
tem may report that the request could not be fulfilled because only accessible
vehicles were suitable, one was delayed due to a fault, and the remaining ones
were allocated to higher-priority users according to active policies. Since the cit-
izen agent is modeled as an a-taker with appropriate interpretive capabilities,
such an account can be tailored to be both informative and understandable.

More generally, making accountability relationships explicit enables the sys-
tem to systematically gather and propagate the information needed to explain
complex outcomes. It also supports adaptive behavior: if recurring patterns of
unmet requests are identified through accounts, dispatch or policy agents may
revise allocation strategies or constraints. Thus, accountability not only enhances
explainability but provides the socio-technical infrastructure through which ex-
planations can be constructed, validated, and used for continuous improvement.

Accountability has both a normative dimension, capturing the legitimacy of
requesting and providing accounts, and a structural dimension, capturing the
control required to produce them. Control implies that agents can provide ac-
counts either because they are directly involved in an event or because they can
obtain relevant information from others [8, 9]. This view is supported by the
information model in [6], which specifies the data needed to identify account-
able agents. These characteristics make accountability particularly well suited
to MAS. The inherently distributed nature of MAS, where knowledge, responsi-
bilities, and decision-making are fragmented across agents, naturally aligns with
accountability relationships, which organize how information is requested, pro-
duced, and interpreted among agents with different roles. In this sense, account-
ability provides a principled mechanism to connect partial views into context-
rich accounts. Specifically, multi-agent organizations (MAOs) [10, 15, 16] offer a
natural abstraction to operationalize this integration, structuring interactions
through roles, norms, and communication channels. While norms ensure coordi-
nation, they are insufficient in dynamic, citizen-centric contexts where adapta-
tion is required. By complementing norms, accountability explicitly structures
how information flows across agents, enabling context-aware decisions, escala-
tion, and adaptation. Importantly, this integration turns MAS into a powerful
foundation for xAI. By ensuring that relevant information is traceable, accessi-
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ble, and interpretable through accountability relationships, the system can sys-
tematically construct explanations grounded in distributed evidence. Through
monitoring, auditing, and continuous improvement, accountability allows also
organizational evolution in response to changing conditions and citizens’ needs.

4 Conclusions

This paper presented accountability as a foundational concept for designing
citizen-centric sociotechnical systems, in particular C-MAS. Accountability pro-
vides the infrastructure that gives explanations meaning and impact, enhanc-
ing fairness and legitimacy by tracking decision rationales and deviations across
agents and organizational layers. It enables participatory feedback loops through
which stakholders can shape system evolution and adapt to societal change.

Accountability is widely recognized as a cornerstone of effective human orga-
nizations, including international institutions, and has recently gained attention
in software engineering and MAS design [11, 12]. An additional, often overlooked
contribution is its role in innovation. Innovation frequently emerges from devia-
tions from prescribed norms [13], which expose mismatches between assumptions
and real-world conditions; through accountability, such deviations can be inter-
preted to revise objectives and organizational structures.

In previous work, we established the foundations for treating accountability
as a first-class concept in agent organizations, demonstrating its contribution to
robustness under known perturbations [2, 6, 8, 9]. We developed conceptual mod-
els, organizational abstractions, and programming patterns that operationalize
accountability by linking specifications to agent behavior. Our results show that
accountability complements normative coordination, allowing MAS not only to
enforce expected behavior but also to adapt to unexpected situations and citi-
zen input. As AI systems increasingly mediate interactions between institutions
and citizens, integrating accountability into their design is essential to achieve
explainability, trust, and continuous innovation.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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Abstract. Citizen-facing AI systems are increasingly being deployed in
healthcare, education, and public services, where users are active stake-
holders with emotional states, preferences, and vulnerabilities. Yet most
conversational AI systems remain monolithic pipelines that optimize lin-
guistic fluency while offering limited support for affect perception, adap-
tive deliberation, and normative self-governance. We propose a citizen-
centric multi-agent framework that operationalizes emotional intelligence
through four interacting agents: (i) a Perception agent that infers user af-
fect from physiological and conversational cues, (ii) a Planner agent that
selects interaction strategies via reinforcement learning, (iii) a Generator
agent that produces strategy-conditioned responses, and (iv) a Metacog-
nitive Critic agent that enforces safety and empathy norms before release.
We instantiate the framework in digital mental health support and evalu-
ate it through a blinded human study using the CARE empathy measure.
Results indicate that treating citizens’ affective states as first-class ele-
ments in a norm-aware multi-agent system improves perceived empathy,
trust, and interaction quality.

Keywords: Citizen-centric AI · multi-agent systems · affective comput-
ing · reinforcement learning · trustworthy AI

1 Introduction

AI systems increasingly mediate interactions between citizens and essential ser-
vices such as healthcare, education, and mental well-being support. In these
settings, users are not passive recipients of automated outputs but active par-
ticipants whose emotional states and expectations shape interaction outcomes.
Citizen-centric multi-agent systems (MAS) explicitly emphasise modelling and
reasoning about such human stakeholders to ensure trustworthy, fair, and so-
cially responsible AI.

Despite advances in large language models, most conversational AI systems
remain architecturally monolithic, focusing on surface-level fluency while lack-
ing mechanisms to perceive user affect, adapt interaction strategies, or regulate
outputs according to social norms. This limitation is especially problematic in
digital mental health, where empathy, safety, and trust are critical.

From a MAS perspective, these limitations are structural. Classical work on
Belief–Desire–Intention (BDI) agents shows that socially competent behavior
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arises from agents with explicit mental states and deliberative control [13]. Nor-
mative MAS research further emphasizes the role of norms and governance in
sociotechnical systems [1]. Treating users as passive endpoints rather than as
agents with evolving affective states undermines these principles.

We propose a citizen-centric multi-agent architecture that closes an affective–
cognitive loop—human →perceiving agent → planning agent → generating agent
→ critique agent → human—and embeds citizen affect and normative oversight
directly into the system’s decision-making process.

2 Preliminaries

Two key aspects of human emotional intelligence are empathy and meta-cognition.
Empathy is the ability to understand the mental state of the others which help
humans to adapt to others’ state of mind. Meta-cognition considers monitoring
and controlling of our own thoughts and behaviour [5].

Empathy in AI Agents Pure text sentiment misses activation and stress markers.
State of the art EEG affect work reports θ, α and β waves corresponding to
stress [8]. Combining these with linguistic cues yields a richer affective state
space.

Meta-cognition in AI Agents In the context of digital therapy meta-cognition
can correspond to filtering inaccurate or unsafe therapeutic responses. Prior
digital therapy work relies on static toxicity filters. Meanwhile, critic guided
approaches [9, 6] show effectiveness in automatically flagging hallucinated or
off-topic replies.

Measuring the Effectiveness of Emotionally Intelligent Agents The Consulta-
tion and Relational Empathy (CARE) measure was developed by Mercer et al.
(2004) [12] to assess perceptions of relational empathy in consultations. It con-
sists of 10 items, each rated on a 5-point Likert scale from "Poor" to "Excellent."
The measure evaluates aspects such as making the patient feel at ease, really
listening, and showing care and compassion. The CARE Measure has demon-
strated high internal reliability (Cronbach’s alpha = 0.92) and strong validity
across diverse patient populations .

No prior digital therapy system unifies neurofeedback powered empathy,
meta-cognitive self-repair and LLM fluency. The proposed MAS system fills this
gap.

3 Citizen-Centric Multi-Agent Architecture

The framework consists of four cooperating agents that communicate via struc-
tured message passing over a shared affective belief base. At each dialogue turn
t, the system maintains an affective state

St = ⟨Stresst, Sentt⟩, (1)
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Fig. 1. High level overview of the proposed MAS.

representing the citizen’s estimated stress and sentiment. The Perception agent
updates St, the Planner selects a strategy, the Generator proposes a response,
and the Critic evaluates it before release (see Figure 1).

Perception Agent The Perception agent infers affect using multimodal evidence.
Physiological stress is estimated from multichannel EEG using a spatial–temporal
neural model that combines temporal and graph convolutions. EEG signals sam-
pled at 128 Hz are processed in sliding windows (5s length, 2s overlap, updated
every 7s). For each window, the voltage matrix V (i) ∈ RC×Ts is passed to a
Spatial–Temporal Residual Stress network,

s(i) = f
(
V (i)

)
,

which outputs a continuous stress estimate Stresst for real-time monitoring.
Emotional tone in text is inferred using a BERT-based classifier [3] trained

on the GoEmotions dataset [2]. Emotion class probabilities P are aggregated
into a scalar sentiment score:

Sentt =
1
2

(
Poptimism + Pjoy − Psad − Pangry + 1

)
. (2)

Planner Agent The Planner agent adapts interaction strategies based on affect.
It is formulated as a reinforcement learning agent [15], where the state is St and
actions correspond to discrete conversational stances (e.g., supportive, neutral,
challenging). The reward reflects citizen well-being:

Rt = −∆Stresst +∆Sentt. (3)

We employ proximal policy optimisation (PPO) algorithm [14] to find the best
policy that maximises the cumulative future reward. The policy is trained on
behavioural cloning (BC) on a dataset of 5,000 transitions, minimising cross-
entropy between expert and policy actions, and subsequently fine-tuned using
PPO for 200 epochs.

Generator Agent The Generator agent is responsible for realising the planner’s
selected strategy as natural language. It conditions generation on (i) the dialogue
context, (ii) the current affective state St, and (iii) the planner-selected strategy.
Concretely, strategy is injected as a short system-level instruction so that the
generator can modulate tone and intervention style without changing the user’s
surface input. This separation supports citizen-centric adaptation: the same user
message can yield different helpful responses depending on stress/sentiment and
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the chosen stance (see Table 1). The generator LLM is based on Llama-3.1-8B
and fine-tuned using GaLore [17] on the CACTUS dataset [10]. The CACTUS
dataset is a multi-turn dialogue corpus that emulates real-world interactions
between a counselor and a client using Cognitive Behavioral Therapy (CBT).
Input If I don’t find any friends, my life will be over.
Base Model "I’m so sorry to hear you’re feeling that way. It’s understandable to feel lonely or isolated at

times, and it can be really tough when we don’t have people in our lives who understand us.
But here’s the thing: your life is not defined by whether or not you have friends. You are so
much more than your social connections..." (continues with lengthy generic reassurance)

Fine-tuned Model "It sounds like you’re feeling quite overwhelmed by this thought. Can you tell me more about
what’s making you think that not having friends means your life is over?"

Table 1. Example illustrating the difference in response styles between the Base and
Fine-tuned Model.

Metacognitive Critic Agent The Metacognitive Critic provides normative over-
sight before responses reach the citizen. It evaluates the Generator’s output
for safety, coherence, and empathetic alignment, requesting revisions when nec-
essary. This operationalizes normative MAS principles, where behavior is con-
strained by explicit governance mechanisms [4]. The critique loop is bounded to
ensure liveness: the system either returns an approved response or falls back to
a safe-harbour message. Toxicity is assessed using a RoBERTa classifier trained
on the Jigsaw dataset [11, 7]. The design is compatible with agentic LLM frame-
works that support iterative reasoning and refinement [16].

4 Application and Human Study

Fig. 2. Boxplots showing the comparative CARE scores for the proposed system (or-
ange) versus baseline system (blue) rated by human participants

We instantiate the framework in digital mental health support, a citizen-
centric domain where emotional intelligence and trust are essential. In a blinded
within-subject study, 30 participants interacted with the proposed system and
a baseline conversational system for 20 minutes each.
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Perceived empathy was assessed using the CARE measure [12]. Table 2
presents the questions based on the CARE metric that are considered in this
study.

Id Measure
1 Making you feel at ease (welcoming, non-judgemental opening)
2 Letting you tell your story (allowing you to explain in your own words)
3 Really listening (showing interest in what you say and how you feel)
4 Being interested in you as a whole person (acknowledging broader context)
5 Fully understanding your concerns (grasping both content and affect)
6 Showing care and compassion (supportive without forcing solutions)
7 Being positive (encouraging hope without superficial reassurance)
8 Explaining things clearly (making patterns/beliefs understandable)
9 Helping you take control (supporting user-generated steps)
10 Making a plan of action with you (collaborative next steps)

Table 2. Adapted CARE measure items used in this study [12].

Figure 2 presents the results of the study. Participants consistently rated
the proposed system as more empathetic. The median CARE score increased
from 30.0 (baseline) to 42.0 (proposed), yielding a median paired improvement
of 11.5 points. An exact paired Wilcoxon signed-rank test showed statistical
significance (p = 0.002), with all participants preferring the proposed system.
Qualitative feedback highlighted greater emotional awareness, attentiveness, and
human-likeness.

5 Conclusion

We presented a citizen-centric multi-agent framework for emotionally intelli-
gent human–AI interaction that integrates affective perception, reinforcement-
learning-based planning, strategy-conditioned language generation, and a sepa-
rate metacognitive critic for normative oversight. By treating citizens’ affective
states as first-class elements within a MAS architecture, the system improves
perceived empathy and trust in a digital mental health setting. This work demon-
strates how core MAS principles can support the design of trustworthy, human-
centered AI systems.
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Abstract. Large language models (LLMs) are increasingly used to eval-
uate social situations and guide human decision-making. This raises con-
cerns about what rules dictate which behaviors are considered acceptable
by LLMs — that is, what their social norms are. Furthermore, it is impor-
tant to assess what is considered by these social norms, as LLMs might
replicate and propagate existing societal biases. Using a prompt dataset
portraying interactions between individuals with diverse names, we in-
vestigate the social norms implicitly applied by 21 state-of-the-art LLMs
when judging cooperative dilemmas within an indirect reciprocity frame-
work, where decisions to cooperate depend on reputations. We find that
while LLMs agree on how to judge cooperation and defection against
individuals with good reputations, judgments vary substantially when
evaluating actions towards ill-reputed individuals. Furthermore, the so-
cial norms used by many LLMs are inconsistent across cultural and gen-
der cues stemming from the names of the actors in the interactions.
Through evolutionary game-theoretical simulations, we show that these
social norms, when used by humans, can limit long-term cooperation.
Our results highlight that current LLMs use social norms that are incon-
sistent within and between families of language models, contain biases,
and fail to effectively promote cooperation.

Keywords: Large language models · Cooperation · Social norms · Bias
· Indirect reciprocity.

1 Introduction

Large language models (LLMs) are becoming embedded in everyday decision-
making contexts, where they are increasingly consulted to interpret social situa-
tions, evaluate human actions, and provide guidance to human decision-making
[4]. At the same time, these systems raise questions about their broader societal
impact [3]. LLM outputs can reflect systematic biases linked to cultural [16],
gender [8], or identity cues [6], effectively possessing their own social norms [14].
When these systems are used to assess behavior, these biases may influence col-
lective expectations and contribute to the persistence of social inequalities [17].
Prior studies further indicate that LLMs can affect individuals’ ethical judgments
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and shared norms [7]. As such, LLMs have their own (biased) social norms while
also being capable of influencing human norms. Given the crucial role of social
norms in supporting human cooperation by defining what constitutes acceptable
behavior [2], it is fundamental to understand if the social norms embedded in
LLMs are capable of supporting cooperation, and what biases they may reflect.

Cooperation relies on reputational mechanisms that allow individuals to eval-
uate partners based on observed behavior. This is known as indirect reciprocity
(IR), where decisions to cooperate are guided by reputations – opinions re-
garding the moral standing of others – which are assigned and propagated by
observers, shaping subsequent cooperation decisions [9, 18]. In order to effectively
assign reputations, humans use shared social norms that determine how actions
should be judged given their context [15]. Although norms and reputation dy-
namics have been extensively studied in human populations [11], the implications
of delegating reputation assignments to LLMs remain underexplored [5, 1].

In this work, we investigate three research questions: 1) What social norms
do LLMs use in the context of indirect reciprocity? 2) Are these social norms
biased depending on cultural or gender identity cues? and 3) Can these social
norms sustain human cooperation? To address these questions, we construct a
prompt dataset designed to elicit reputational judgments in scenarios illustrat-
ing donation games. The dataset comprises descriptions of 43,200 interactions
involving agents with varying past reputations, and actor names suggesting vari-
ous cultures and genders. Each scenario describes a donor’s decision to cooperate
or defect with a recipient who has a prior reputation (good or bad) in various
circumstances (e.g. when asked for money to buy food). We query 21 state-of-the-
art LLMs (e.g., GPT-4o, Deepseek R1, Grok 2) to evaluate donors, and translate
their responses into probabilistic social norms consistent with standard IR for-
mulations. We then use these social norms in an evolutionary game-theoretical
model to study their long-term capacity to sustain cooperation. Our extended
study of LLM social norms is available at [12].

2 Methods

We next detail the assessment process of the social norm for a given LLM. First,
we outline the construction of the prompt dataset, followed by the method to
process responses and aggregate them to define a social norm. The models we
test include: GPT-3.5-Turbo and GPT-4o, Qwen 2.5 7B IT and Qwen 2.5 14B
IT, Gemma 2 9B IT and Gemma 2 27B IT, Gemini 1.5 Pro and Gemini 2.0
Flash, Mistral Small and Mistral Large, Phi-3.5 Mini IT and Phi-4, Llama 2 7B
and Llama 2 13B, Llama 3.1 8B IT and Llama 3.3 70B IT, Claude 3.5 Haiku
and Claude 3.7 Sonnet, Grok 2, Deepseek V3 and Deepseek R1 (see [12] for all
model details), where "B" is the parameter size of the model in billions, and IT
refers to an instruction-tuned version of a model. To ensure reproducibility, all
models are queried using a temperature of zero.
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Prompt dataset The prompt dataset is constructed by providing LLMs the
context of a donation game interaction, and requesting them to output an as-
sessment regarding the reputation of the donor. We make use of second-order
social norms, where the reputation of a donor depends on its action (C or D)
and on the reputation of the receiver (G or B). Each prompt first presents
the donor and receiver to the LLM, together with the prior reputation of the
receiver, followed by a description of their interaction and the action (help or
not help) chosen by the donor. Finally, the LLM is instructed to provide its
new reputation, answering exclusively "good" or "bad". To ensure variety in the
dataset, we used 5 template prompts, presenting the structure detailed above
but varying in phrasing, containing fields (e.g., the donor’s action) to be filled.
Various possible elements were defined, containing names of different genders
and regions to be used for the donor and receiver, the available actions for the
donor, as well as different contexts for interactions, such as the donor asking for
money or food. All possible combinations of prompts were generated, excluding
prompts in which donor and recipient share names, for a total of 43,200 prompts
(see [12] for all the details regarding the prompt dataset). Formally, we define D′

to be the dataset composed of all the prompts detailed above, for a given dataset
variation. From there, a subset of the dataset is defined as Df = f(D′), where
f is a filtering function that returns a subset of the dataset that matches some
given criteria (e.g., the donor’s action). Our final set of datasets, T is composed
of D′ as well as subsets corresponding to different pairs of donor and receiver
genders, name regions, and contexts of interaction. Finally, we define DX,Y as
the set of prompts in a dataset D where the donor executes action Y ∈ {C,D},
and the receiver has a previous reputation X ∈ {G,B}.

Norm aggregation After prompting an LLM on the prompt dataset, we next
parse each of its answers. For each response, a reputation value o ∈ [0, 1] is
assigned depending on the content of the reply, with 1 and 0 corresponding
to assigning the donor a good and bad reputation, respectively. Although our
prompts present formatting instructions, not all models adhere to the required
format. We parse solely the first paragraph with content of each response, omit-
ting any discussion or justification by the model. If the answer contains "good"
and not "bad", 1 is assigned. If it contains exclusively "bad", 0 is assigned. An
additional rule is used to account for formatting errors: answers with "neutral"
assign 0.5. Any other answer is considered invalid. For each dataset D ∈ T ,
a social norm is defined by evaluating the average value of o, ōD, of all valid
answers at each pair of actions and reputations. Using dataset D, the social
norm is given by dD = {ōDG,C , ōDG,D , ōDB,C , ōDB,D}. In addition, we model the
norm variance using a multivariate Gaussian distribution centered at dD

′
. The

covariance matrix for this distribution is estimated as the weighted covariance
of dD,D ∈ T \ {D′} weighted by |D|.

Cooperation model We study a finite, well-mixed population of Z adaptive
individuals representing humans, following standard formulations of IR [13]. In-

C-MAS 2026 Proceedings page 24 of 132



4 S. Pires. Alexandre et al.

teractions take place through repeated donation games in which a donor decides
whether to cooperate, C, incurring a cost c to provide the recipient with a ben-
efit b (b > c > 0), or to defect, D, which has neither cost nor benefit. Observers
maintain reputational assessments of others, classifying each individual as either
Good (G) or Bad (B). We consider public reputations, where agents converge
to a shared evaluation through gossip. Agent behavior is determined by strate-
gies that condition actions on the recipient’s reputation. A strategy is defined as
s = (sG, sB), where sG and sB denote the probability of cooperating with agents
perceived as G or B. At any time, adaptive agents use one of three strategies:
AllC (1, 1), which always cooperates; AllD (0, 0), which always defects; and Disc
(1, 0), which cooperates only with G recipients. Execution errors are included
with probability ee of a cooperation resulting instead in a defection.

Reputational updates follow second-order social norms [13], which evaluate
a donor’s action in relation to the recipient’s reputation. A norm is encoded by
a 4-bit vector d = (dG,C , dG,D, dB,C , dB,D), giving the probability of assigning
a good reputation in each scenario, exactly as the social norms extracted from
LLMs. Assessment errors are included as a probability ea to incorrectly assign
a reputation following an observation.

Strategy evolution among adaptive agents follows a birth–death process [15]
driven by mutation and social learning. With probability γ, agents adopt a ran-
dom strategy through mutation. Otherwise, they update their strategy by imi-
tating another individual. This is modeled through pairwise comparison (Fermi
rule), whereby imitation likelihood increases with fitness differences between
strategies. Population dynamics are represented as a Markov chain in which
each state corresponds to a configuration of strategies, and transitions represent
changes in the strategy of a single agent. Full derivations are provided in [12].
Cooperation levels are defined as the average proportion of cooperative actions
observed in the population over time.

3 Results

Figure 1 summarizes the social norms inferred from each LLM tested. Across
models, judgments are largely aligned when donors interact with well-reputed
recipients: cooperation is almost universally considered good, whereas refusing
to help is considered bad. This pattern is consistent with cooperative norms
identified in prior work on IR [10]. In contrast, there is little agreement between
models when the recipient has a bad reputation. While many models still reward
cooperation, they diverge in how they evaluate defection, producing norms dis-
tributed along the continuum between Image Score (cooperation is always good,
defection is always bad) and Simple Standing (cooperation is good, defecting
with bad individuals is also good). A smaller subset of models adopts stricter
or more punitive rules, such as Shunning (only cooperation with G is good) or
Stern Judging (cooperation with G or defection with B is good), that reward
defection against bad individuals over cooperation, whereas others display in-
consistent responses. Differences also appear within model families and across
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Fig. 1. Social norms inferred from each LLM. Each point represents the mean norm
estimated for a given model, where the horizontal axis denotes the probability of as-
signing a positive reputation after cooperation, and the vertical axis after defection.
Ellipses correspond to one standard deviation around the inferred norm, illustrating
variability in judgments. Models belonging to the same family share a color and are
linked according to version progression and number of parameters. A: Evaluations of
interactions involving recipients with good reputations. The concentration of points in
the lower-right region indicates agreement across models that cooperation with good
recipients is good and defection is bad. B: Evaluations when recipients have a bad
reputation. Many models judge cooperation as good but diverge in how they treat de-
fection, while other models consider cooperation with bad individuals bad. Commonly
studied social norms are indicated for reference: Image Score, Shunning, Stern Judging
and Simple Standing. C: Standard deviation for models that consider cooperation with
bad recipients as good (area in B shaded in gray).

parameter sizes. Newer and larger models often consider the reputation of the
recipient in addition to the action done by the donor. This indicates that model
architecture and training regimes can result in vastly distinct social norms.

Because our dataset contains various interaction contexts between actors
with different names, the inferred norms exhibit measurable variance, visual-
ized as ellipses in Figure 1. Certain models produce highly stable judgments
across prompt variations, whereas others show substantial dispersion, suggest-
ing sensitivity to contextual signals. In Figure 2 we present the resulting level of
cooperation across the norm space, highlighting how the social norms of a subset
of large language models support distinct levels of cooperation in our evolution-
ary model. We further decompose the social norm of these LLMs based on the
suggested gender (female or male) and region (Western, East Asian or Middle
Eastern) of the recipient and donor’s names. We observe a notable difference in
social norms depending on both these identities, which while small in the space
of all possible social norms result in significant differences in cooperation. For
example, Grok 2 and Llama 3.1 8B Instruct more often assign lower reputations
to female donors cooperating with bad male recipients than the inverse, and
these differences are amplified if the female is implied to be of a western region.

C-MAS 2026 Proceedings page 26 of 132



6 S. Pires. Alexandre et al.

Prob. assign good when cooperating with bad recipients
0.0 0.2 0.4 0.6 0.8 1.0

P
ro

b.
 a

ss
ig

n 
go

od
 w

he
n 

de
fe

ct
in

g 
w

ith
 b

ad
 r

ec
ip

ie
nt

s

0.0

0.2

0.4

0.6

0.8

1.0

Shunning Image
Score

Stern
Judging

Simple
Standing

C
oo

pe
ra

tio
n

0.00

0.25

0.50

0.75

1.00

Models

gpt-3.5-turbo

llama-3.1-8B-Instruct

claude-3-7-sonnet

grok-2

Norm

W♂→EA♀ W♀→EA♂

EA♂→W♀ EA♀→W♂

W♂→ME♀ W♀→ME♂

ME♂→W♀ ME♀→W♂

EA♂→ME♀ EA♀→ME♂

ME♂→EA♀ ME♀→EA♂

Average

Fig. 2. Prevalence of cooperation across the same space of social norms as Figure 1B.
The remaining norm assumes cooperation with good individuals is always good and
defection with good individuals is bad. A subset of the norms from different LLMs are
overlaid, separated by interactions between donors and recipients of different genders
(male, ♂, or female, ♀) and regions (West, W, East Asia, EA, and Middle East, ME).
For example, W♂→EA♀ represent the extracted norm used in interactions between a
male Western donor interacting with an East Asian female recipient. We observe that
the area surrounding Stern Judging achieves the highest level of cooperation, while
most models stay between Image Score and Simple Standing. Furthermore, LLMs ex-
hibit substantial gender and cultural biases that result in distinct levels of cooperation
between groups. Parameters used: Z = 100, b/c = 5.0, ee = ea = 0.01, γ = 0.01, β = 1.

4 Conclusion

We studied the social norms embedded in 21 state-of-the-art LLMs within an
indirect reciprocity framework. While LLMs frequently assign good reputations
to cooperation with positively reputed individuals, their judgments diverge when
evaluating interactions with ill-reputed recipients. These differences span model
families, sizes, and versions, with larger and newer models often adopting more
context-sensitive norms than smaller or earlier versions. Importantly, these social
norms also differ significantly when the names of the actors involved suggest dif-
ferent genders or cultural backgrounds. Using an evolutionary game-theoretical
model, we show that these inconsistencies can substantially affect long-term
cooperation across society while also propagating biases. These findings high-
light the importance of evaluating LLM social norms before deploying them in
contexts where they inform human judgments. As such, we urge LLMs to be
embedded with concrete, culturally aware, and transparent social norms, while
acknowledging the normative challenges this entails. Future work could extend
this framework to other potentially more complex social dilemmas, in order to
assess to what extent the type of interaction influences LLM judgment. Further-
more, while our work relies on names to convey gender and cultural information,
names might also carry other information (social status, religion), which may
confound our findings and require new methods to disambiguate.
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Abstract. Algorithmic fairness is often treated as a static property,
overlooking that individuals may disengage from systems they perceive
as unfair. We introduce a dynamic notion of perceived fairness in a lend-
ing scenario that captures how repeated unjust denials and observation
of peer outcomes can drive applicants to opt out. Through a multi-agent
simulation framework on synthetic data, we measure how different fair-
ness metrics affect long-term population retention and feature dynamics.
Our results show that without fairness constraints, apparent fairness im-
provements arise from the selective opt-out of disadvantaged applicants
(survivorship bias). Demographic parity and equal opportunity reduce
immediate retention disparities but do not guarantee long-term fairness;
demographic parity, in particular, overcorrects participation dynamics,
accumulating long-term unfairness. We compare this against a causal
fairness model that achieves a balanced retention rate and lower long-
term unfairness. Our findings highlight the need to assess long-term fair-
ness in settings with endogenous participation, where individual decisions
are shaped by perceived fairness and peer effects, beyond static fairness
constraints.

Keywords: Long-Term Fairness · Social Influence · Agent-Based Sim-
ulation.

1 Introduction

Algorithmic systems are increasingly used for resource allocation decisions such
as lending and other public services, making fair treatment between demographic
groups a critical concern [2,6,9]. Fairness metrics (e.g., demographic parity) have
been proposed to equalize the outcomes between groups through statistical con-
straints [1,6]. However, prior research has shown that applying such metrics
over time can produce unintended effects, such as overlending to disadvantaged
groups or amplifying disparities, highlighting the need to study long-term fair-
ness dynamics [3,8,12]. Existing research on long-term fairness primarily model
feature dynamics, examining how decisions affect future applicant qualifications
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(e.g., credit scores) [3,8,12]. These studies adopt a decision-maker’s perspective,
assuming static participation, and overlooking that applicants may disengage
from systems they perceive as unfair. Spillover effects, where decisions about
some applicants influence the behavior of others, are also often ignored [10,11].
Satisfying group-level fairness is thus no guarantee that the outcomes are per-
ceived as fair by individual applicants [4,15].

Against this background, we ask: to what extent do lending decisions lead to
fairer outcomes over time when considering perceived fairness, feature dynamics,
and population dynamics? We address this question by evaluating long-term
fairness under endogenous participation driven by perceived fairness and peer
effects.

Building on work on perceived fairness in psychology and algorithmic decision-
making [13,14], we introduce a variation of this notion that captures both in-
dividual experience and social observation within a multi-agent simulation. We
define perceived (un)fairness as the extent to which applicants perceive outcomes
as favorable to themselves and their peer group. We introduce a fixed social net-
work through which applicants can observe peer outcomes. Applicants may opt
out following repeated unjust rejections or when they observe that their demo-
graphic group is denied loans more often than other group members. In the
lending context, the applicant’s opt-out behavior may refer to switching to com-
peting lenders, which could reduce the amount of customers and representative
data for the bank’s future decision models. This creates population dynamics
with opt-out behavior resulting from perceived unfairness. To evaluate these dy-
namics, we propose retention rate and retention disparity among demographic
groups as metrics that capture differential opt-out.

We evaluate our framework in a synthetic lending setting [7], comparing de-
mographic parity, equal opportunity, and causal fairness. Our results show that
perceived unfairness can induce selective opt-out among disadvantaged groups,
reducing measured unfairness through population change rather than improved
treatment. This "survivorship bias"[5] also occurs in baseline conditions without
fairness metrics. While demographic parity and equal opportunity reduce imme-
diate retention disparities, they do not guarantee long-term fairness. In contrast,
the causal fairness model [7] achieves balanced retention and lower long-term
unfairness. These findings highlight trade-offs between accuracy, retention, and
long-term fairness that are not observable in static settings. Our work empha-
sizes the need to jointly evaluate fairness constraints with endogenous partici-
pation dynamics to ensure that fairness interventions serve the citizens they are
designed to protect.

2 Method

In this section, we describe the lending environment and social network (2.1), the
perceived fairness state and opt-out behavior (2.2), the bank’s decision model
(2.3), and the evaluation metrics (fairness and retention) (2.4).
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2.1 Bank Loan Simulation and Social Network

Each applicant i has a binary protected attribute S ∈ {0, 1} (e.g., age), a vector
of dynamic features Xt ∈ Rd (e.g., credit risk score at time t), and a ground-
truth label Yi,t ∈ {−1, 1} indicating whether the applicant can pay back (Yi,t =
1) or default (Yi,t = −1). At each time step, the lender makes a binary loan
decision Di,t ∈ {−1, 1}, where Di,t = 1 denotes approval and Di,t = −1 denial.
Each applicant then chooses the action Ai,t ∈ {0, 1} to apply (Ai,t = 1) or opt
out (Ai,t = 0) in the lending process. Our synthetic datapoint has |X1| = 2
non-protected features sampled from S-specific Gaussian distributions and Y
sampled from a ground-truth model. The detailed generation process for further
steps is given in Appendix A.1.

Instead of simulating the behavior of individuals in isolation, we model how
fairness is mediated through sequential social interactions. Applicants are em-
bedded in a fixed, undirected social network. This can take spillover effects into
account, where one applicant’s rejection can influence another applicant’s de-
cision to participate [11]. Each applicant is connected to a predefined set of
neighbors Ni with degree n = 10, where 80% of neighbors share the same pro-
tected attribute (Si = Sj = s, j ∈ Ni) and 20% of neighbors belong to the other
demographic group (Si = s, Sj = s′, j ∈ Ni). We choose this ratio to reflect the
tendency for individuals to connect more often with similar individuals.

2.2 Perceived Fairness and Opt-out Behavior

Research on perceived fairness highlights two dimensions: whether individuals
view their own outcomes as just and whether they perceive the process as legit-
imate relative to others’ outcomes [13,14]. Inspired by this, we model perceived
fairness as a deterministic belief state formed by applicants, unobservable by the
lender, and separate from the fairness metrics used for evaluation. Furthermore,
we assume that applicants have full knowledge of their own application details
and history but observe only the decision outcomes of their peers.

At each time step t, an applicant i observes the outcomes of its connected
neighbors Ni to form a peer-outcome signal Oi,t ∈ {0, 1}. N act

i,t ⊆ Ni denotes
the subset of neighbors who are active at time t. The applicant computes the
observed rejection rate for each group as rs =

∑
j∈Nact

i,t
, Sj=s 1[Dj,t=−1]

|{j∈N act
i,t :Sj=s}|+ε . In this

equation, ε in the denominator is a small constant introduced to prevent division
by zero when agent i has no active neighbors of group s. The peer-outcome
signal Oi,t = 1 if rSi > r1−Si , otherwise Oi,t = 0. This signal reflects whether
the applicant’s in-group experiences a higher rejection rate than the out-group,
generating a social spillover effect that influences perceived fairness. Let Pi,t =
Di,t−1 store the last decision received from the bank.

We define perceived unfairness as Ui,t = 1[Di,t = −1 ∧ ((Pi,t = −1 ∧ Yi,t =
1) ∨ Oi,t = 1)]. The first condition represents an applicant who can pay back
but is unjustly denied a loan in two consecutive time steps, while the second
captures if the in-group rejection rate exceeds the out-group rejection rate for a

C-MAS 2026 Proceedings page 32 of 132



4 M. Dankloff et al.

rejected agent. The agent opts out Ai,t+1 = 0 if it perceives unfairness (Ui,t = 1),
or because it is correctly identified as fraudulent (Di,t = Yi,t = −1). Figure 1
demonstrates an example of three consecutive simulation steps. A5 opts out at
t2 because it was correctly identified as fraud, which does not trigger perceived
unfairness. A3 opts out at t3 because it was denied a loan in two consecutive
time steps, and A1 will opt out at the next step (t4) due to spillover effects.

A1X

A2X

A3× A4X

A5×

t1

A1X

A2X

A3× A4X

A5

t2

A1×

A2X

A3 A4X

A5

t3

Fig. 1: Blue and orange agents denote different protected groups. Dashed circles
represent Ai,t = 0. X means application approved, × means application rejected.

2.3 Bank’s Decision Model

We evaluate three fairness constraints. Demographic Parity (DP) requires equal
approval rates between groups defined by the protected attribute, Equal Oppor-
tunity (EO) requires equal true positive rates between groups, and Long-term
Counterfactual Fairness (LCF) requires that an agent’s approval probability at
a future horizon t∗ be invariant to the protected attribute. The bank’s decision
model is optimized using Algorithm 1. The bank optimizes prediction accuracy,
while setting either DP, EO or LCF as upper-bounded constraints. These are
compared against a baseline model without fairness constraints.

2.4 Evaluation metrics

We evaluate fairness from two perspectives. From the lender’s perspective, we
measure accuracy (true positive rate at each step) and t-step (long-term). We
adopt the t-step definition from [7], which captures whether cumulative feature
trajectories create divergent outcomes between demographic groups over time,
where 0 is perfectly fair. To capture the population dynamics, we introduce
three retention metrics: the retention rate Rt = 1

N

∑N
i=1Ai,t, the retention dis-

parity ∆t = |RS=0
t −RS=1

t | which captures the differential opt-out between the
groups, and the relative retention ratio ρ =

RS=0
t

RS=1
t

where values below 1 indicate
disproportionate opt-out for the protected group.
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Algorithm 1 Bank’s Decision Model
Input: X = [S,X] ∈ Rn×(d+1), Y ∈ {−1, 1}n
Parameters: Weight vector w = (ws, w1, . . . , wd), intercept c, logistic function σ
for each applicant i at time t do

pi,t ← σ(wssi +
∑d

j=1 wjX
j
i,t + c) ,

Di,t ← 21[pi,t > 0.5]− 1
end for
Solve: minw, c L(w, X) subject to C(w, X) ≤ τ
Optional Fairness constraints:

DP: |P (Dt=1 | S=0)− P (Dt=1 | S=1) | ≤ τ
EO: |P (Dt=1 | Yt=1, S=0)− P (Dt=1 | Yt=1, S=1) | ≤ τ
LCF: |P (Dt∗ = 1 | S = s,X = x)− P (Dt∗ = 1|S = s′, X = x)| ≤ τ

return Optimized w∗, c∗

3 Preliminary Results

Accuracy The baseline achieves the highest accuracy (t5 = 0.734) across all
time steps compared to the fairness-aware approaches. EO has a slightly lower
accuracy (t5 = 0.690) followed by LCF (t5 = 0.683) and DP (t5 = 0.685), sug-
gesting a modest accuracy trade-off when optimizing with fairness constraints.
Detailed results for comparisons between different methods that evaluate accu-
racy, long-term unfairness, retention rate, and retention disparity are provided
in the Appendix A.2.
Long-term fairness t-step Figure 2 shows that LCF achieves the lowest cumu-
lative unfairness across all time steps, demonstrating that incorporating multi-
step counterfactual reasoning into the fairness constraint [7] remains effective
even under population dynamics. In contrast, DP and EO constraints enforce
group fairness at each step but do not account for the cumulative feature trajec-
tories induced by their decisions. The resulting mismatch accumulates over time,
resulting in both DP and EO exceeding the long-term unfairness of the base-
line model without population dynamics, consistent with findings in [8]. When
comparing the simulation with and without population dynamics in Figure 2,
the baseline and EO exhibit higher unfairness in a static setting when the full
population is retained. DP shows a higher unfairness with population dynamics
from step 4. LCF shows almost no difference between the settings, demonstrating
that long-term fairness does not depend on selective opt-out of disadvantaged
groups.
Retention rates Figure 3 shows that the baseline condition exhibits a severe
retention disparity between groups, with the protected group (S = 0) leaving at
a higher rate. This indicates a survivorship bias where long-term fairness seems
to improve because disadvantaged applicants left the system [5]. The relative
retention ratio (right axis) confirms this: the baseline ratio decreases and remains
below 1.0. While DP and EO reduce this gap, they do so inconsistently: EO
narrows but does not eliminate the imbalance, while DP reverses the disparity
so that the unprotected group leaves faster (relative retention ratio above 1.0).
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Fig. 2: Long-term unfairness with (solid) and without (dotted) population dy-
namics for each fairness metric. LCF maintains near-zero unfairness in both
settings; DP has the highest long-term unfairness.

The LCF model achieves near equal retention with a ratio close to 1.0 throughout
while maintaining counterfactual fairness.

Fig. 3: Retention rates per group (left-axis) for S = 0 (red) and S = 1 (blue);
relative retention ratio (right axis) for S = 0/S = 1 (purple dashed), values
below 1.0 indicate disproportionate opt-out for S = 0. Baseline shows severe
retention disparity (∆ = 26.6%), LCF achieves near parity (∆ = 0.8%) and DP
reverses disparity.

4 Conclusions and Future Work

In this work, we evaluate long-term fairness under endogenous participation
driven by perceived fairness and peer effects. We introduce perceived fairness
as an internal belief state that captures past experience and social observation.
Unlike prior studies that model feature evolution but assume static populations
[3,8,12], our framework integrates population dynamics driven by perceived fair-
ness, exposing trade-offs between accuracy, short-term fairness, and long-term
fairness. While the unconstrained baseline achieves the highest accuracy, it shows
high retention disparities, driven by selective opt-out of the protected group.
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Demographic parity and equal opportunity reduce the immediate retention dis-
parity, but do not guarantee long-term fairness. Demographic parity overcorrects
retention in earlier time steps, resulting in reverse long-term disparities. In con-
trast, the causal fairness model consistently achieves low long-term unfairness
with balanced retention rates between groups. Our findings emphasize the impor-
tance of a citizen-centric perspective in evaluating algorithmic decision-making:
when fairness interventions fail to account for how citizens perceive and react
to decisions, this may inadvertently drive the most vulnerable individuals out of
essential public services, undermining the fairness goals they aim to achieve.

To build on this workshop paper, we plan to validate our framework on real-
world datasets and study additional fairness metrics (e.g., predictive equality).
The current results are derived under the assumption of a fixed network degree
and group-mixing ratios. Future work will address these constraints by perform-
ing a sensitivity analysis on neighborhood size and the proportion of connections
between demographic groups. Moreover, we can extend this work by generalizing
the two-step denial memory to variable lengths, modeling dynamic social net-
works where peer groups evolve over time, and incorporating positive spillover
effects arising from favorable outcomes. Additional directions include introduc-
ing competing lenders to capture push-pull dynamics and modeling the lender
as a learning agent that optimizes long-term objectives, such as retention and
perceived fairness.
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A Appendix
A.1 Synthetic Dataset
We generate a 5-step synthetic dataset with 4000 agents for training and 1000 for
testing. At t = 1, S is sampled with equal probability, and X1 is sampled from
S-specific Gaussian distributions. The true repayment is sampled from a ground-
truth decision model Yt = σ(hθ∗(·)), where σ(·) is the sigmoid function, hθ∗(·)
is a fixed mapping of the probability of whether an applicant would default
P (Yt) = σ(hθ∗(Xt, S)), Yt ∼ 2 · Bernoulli(P (Yt)) − 1. Dt is sampled from a
separate σ(hθ∗(·)) as Dt ∼ 2·Bernoulli(P (Dt))−1. Xi,t+1 is generated according
to the update rule below:

Xi,t+1 =





Xi,t − λ · θt + b Di,t = 1, Yi,t = −1
Xi,t + λ · θt + b Di,t = 1, Yi,t = 1
Xi,t + b Di,t = −1

(1)

where λ controls the sensitivity of the update to the predicted decisions, and
b = S · b1 + (1− S) · b0 is a small increment at each time step. The parameters
are set as λ = 0.5, b0 = 0.2, b1 = 1.0.

A.2 Detailed Results Table
Table 1 lists the results of the evaluation metrics in our simulation.

Table 1: Accuracy, long-term unfairness (t-step), retention rate, and retention
disparity across fairness metrics over 5 time steps.

Metric Fairness Metric t1 t2 t3 t4 t5

Baseline 70.4 73.5 72.5 71.8 73.4
LCF 68.5 70.1 69.9 68.7 68.3

Accuracy (%) EO 68.6 69.2 69.9 68.6 69.0
DP 67.7 67.4 68.1 68.4 68.5

Baseline 0.096 0.138 0.144 0.208 0.244
LCF 0.010 0.004 0.013 0.006 0.053

t-step EO 0.134 0.191 0.185 0.259 0.329
DP 0.270 0.300 0.333 0.505 0.610

Baseline 100 70.5 36.8 22.4 15.0
LCF 100 79.8 52.6 36.0 24.2

Retention (%) EO 100 79.1 50.8 33.1 22.4
DP 100 75.5 45.3 28.8 18.0

Baseline 0.0 26.6 22.0 17.6 14.0
LCF 0.0 0.8 3.2 0.8 1.6

Disparity (%) EO 0.0 4.2 1.2 6.6 3.6
DP 0.0 9.4 7.4 3.6 2.8
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Abstract. School choice mechanisms, such as the well-known Deferred
Acceptance algorithm, are often modified to meet practical constraints.
One such modification is a placement guarantee, which stipulates that
students who rank at least l schools and are not placed in the main
round are given access to one of the schools on their submitted list by
increasing school capacities (for example by 4% in Amsterdam). While
intended to provide safety to students, this rule changes incentives and
can lead to strategic behaviour. We study an Amsterdam-inspired school
choice model that combines Random Serial Dictatorship (RSD) with a
placement guarantee. We make three contributions. First, we formalise a
simple but behaviourally relevant strategic response to placement guar-
antees: students with sincere preferences over at most k < l schools
report their top k schools truthfully and then fill the remaining l − k
positions with highly demanded schools that are common knowledge to
be heavily oversubscribed. Second, we show that, under mild assump-
tions, this strategy weakly dominates truthful reporting. Third, we use
an agent-based simulation framework to show how adoption of this strat-
egy can collectively make the placement guarantee infeasible when the
number of guarantee-eligible students exceeds the additional capacity
created by the policy. This work is meant as a decision support for pol-
icymakers who want to predict the real-world impact of such modified
school choice systems.

Keywords: Agent-Based Modelling · School Choice · Incentives.

1 Introduction

Centralised school choice systems are widely used to assign students to secondary
schools in a transparent way. A common benchmark is the Deferred Acceptance
(DA) algorithm, which produces stable allocations and incentivizes students to
report preferences truthfully [4, 12, 9]. Random Serial Dictatorship (RSD) is an-
other widely used mechanism when schools have no preferences over students;
*

These authors contributed equally to this work.
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i = 1

i = 2

i = 3

L1 = [ s2 s1 s3 ]

L2 = [ s1 s3 s2 ]

L3 = [ s3 s2 s1 ]

students reported lists Li

Main round:
RSD

s1

s2

s3

main-round capacities

c1

c2

c3

U : unassigned

placement guarantee:
expand cap. by γ

s1

s2

s3

expanded capacities

c̃1 = c1 + ⌊γc1⌋
c̃2 = c2 + ⌊γc2⌋
c̃3 = c3 + ⌊γc3⌋

Fig. 1: Conceptual model of school placement under RSD with a placement guar-
antee. Students submit reported lists Li, are first assigned via RSD with ca-
pacities cs, and unassigned students enter the placement guarantee stage with
expanded capacities c̃s.

under suitable conditions it also incentivizes truthfulness and is ex-post efficient
for the reported preferences [3]. In practice, however, many cities adopt variants
with random tie-breaking, priority categories, and ad-hoc policy fixes motivated
by local constraints and political objectives [8, 6], which can substantially alter
both efficiency and incentives [2, 5].

In Amsterdam, secondary school places are allocated using a procedure that
can be viewed as RSD combined with a placement guarantee. Students submit a
ranked list of at least l schools and are first assigned via RSD with fixed capaci-
ties and a random order over students. If a student who listed at least l schools
remains unassigned after this main round, the system promises a place at one of
the schools on their list, implemented by increasing capacities at those schools
by a small fraction (currently around 4%) [13]. Communication from policymak-
ers emphasises that it is safe to list schools truthfully and that the guarantee
protects students from ending up without a place. Parents, however, adapt their
behaviour to the presence of the placement guarantee [11, 14]. Many families
have sincere preferences over fewer than l schools; 3 the remaining positions
must be filled with schools they know less well. Filling out the list with merely
acceptable schools increases the risk of being placed at an undesired school in
the main round, whereas filling it with extremely popular schools that are effec-
tively unreachable raises the chance of remaining unassigned and thus becoming
eligible for the guarantee.

This paper asks the following questions. First, when an RSD-based school
choice mechanism is supplemented with a placement guarantee, can the guaran-
tee itself create incentives for strategic reporting? Second, under what conditions
does this strategic reporting make the guarantee infeasible? We formalise this
3 Based on a report on school preferences in Amsterdam [10]
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situation in a simple model that captures key features of the Amsterdam system.
We study a strategy in which students who have sincere preferences over at most
k < l schools report these k schools truthfully at the top of their list and then fill
the remaining l−k positions with highly demanded schools that are known to be
heavily oversubscribed. Intuitively, this either leads to assignment to one of the
top k schools in the main round or, failing that, leaves the student unassigned
and therefore eligible for the placement guarantee, which creates extra capacity
at their preferred schools. Under mild assumptions, we show that this strategy
weakly dominates truthful reporting for such students. We also develop a simula-
tion framework in which agents follow either truthful or strategic reporting rules
under RSD with a placement guarantee. Using synthetic preference profiles, we
vary two key parameters: the number k of sincere preferences per student and
the fraction α of strategic agents. We find combinations of parameters where the
number of unassigned guarantee-eligible students systematically exceeds the ad-
ditional seats created, making it impossible to honour the placement guarantee
for all students; in these cases, some students cannot be allocated to any school
on their list.

2 Model

We consider a finite set N of n students and a set S of m schools. Each school
s ∈ S has base capacity cs ∈ N, and each student i ∈ N has a strict true
preference order ≻i over S. Students submit a reported list Li, an ordered list of
distinct schools in S. There is a minimum list length l ≥ 1: a student is eligible
for the placement guarantee if and only if |Li| ≥ l.

In the main round, allocation is performed by Random Serial Dictatorship
(RSD) on reported preferences. A permutation π of N is drawn uniformly at
random. Starting from capacities cs, students are considered in the order of π;
when student i is called, they are assigned to the highest-ranked school in Li
with remaining capacity. If no school in Li has remaining capacity, student i
remains unassigned. Let ai ∈ S ∪{∅} denote the main-round outcome for i, and
define U = {i ∈ N : ai = ∅ and |Li| ≥ l} as the set of unassigned students
who qualify for the placement guarantee.

The placement guarantee is modelled as a uniform capacity expansion by a
factor γ ≥ 0 on all schools: c̃s = cs +

⌊
γcs

⌋
, s ∈ S, so the total additional

capacity is Cextra =
∑
s∈S

⌊
γcs

⌋
. In the guarantee stage, seats allocated in the

main round are fixed and only students in U are reconsidered. If |U | > Cextra, the
guarantee cannot be honoured for all eligible students. A step-by-step description
of the resulting allocation procedure is provided in Appendix A.

We distinguish truthful and strategic preference reporting. A truthful student
reports a list Li that coincides with the top |Li| positions of ≻i. We assume that
each student has sincere preferences over at most k schools, with 1 ≤ k ≤ l,
and is indifferent among all other schools. A fraction α ∈ [0, 1] of students are
strategic, the remaining fraction 1−α are truthful, and we use (k, l, α, γ) as the
main parameters of interest. For the analytical results, we assume that there
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Students
Strategic: Bool

Preferences: List
Rankings: List[1− l]|k

Schools
Capacity: Int

Allocation Algorithm (RSD)
γ: Float

[1, ..., n]

[1, ...,m
]

Input:

Students
...

Allocation: String
Score: Int

Output:

Post-Allocation [1, ...,m]

Fig. 2: Pipeline of the simulation environment.

exists a set P ⊆ S of popular schools with |P | ≥ l− k that attract a large share
of demand and have limited capacity, and that it is common knowledge which
schools belong to P . We focus on a simple strategic behaviour in which students
list their top k schools truthfully and use popular schools from P to fill the
remaining positions up to l. Appendix B formalises this strategy and provides
the sketch of a best response.

3 Simulation Environment

We study the mechanism in Section 2 using an agent-based model (ABM) im-
plemented in Python on the PettingZoo library [15]. A pipeline diagram of the
environment is shown in Figure 2. The environment contains n students and m
schools with fixed base capacities. In each time-step, every student submits a
ranked list of length l, the mechanism runs RSD with a placement guarantee as
defined in Section 2, and each student receives an allocation and a rank-based
score. Agents follow one of two reporting strategies: (i) truthful agents report
the top l schools of their true preference order; (ii) strategic agents use the top-k
truthful strategy from Section 2, reporting their sincere top k schools followed by
l−k popular schools, where the set and ordering of popular schools are assumed
common knowledge.

For a given experiment, we fix all environment parameters and run the same
allocation problem 10,000 times to average over the randomness in the RSD
order; school capacities, student preferences, and the popular set remain fixed,
and we report averages over time-steps. The ABM assumes: (i) stationary agents,
with true preferences fixed across time-steps and no learning or adaptation; (ii)
baseline sincerity, i.e., truthful agents report their true preferences and strategic
behaviour arises only through the specified reporting rules; (iii) random order,
with the RSD order drawn from Python’s pseudo-random number generator and
fixed seeds across experiments for comparability; and (iv) exogenously specified
popular schools, known to all agents.

We run experiments using synthetic preferences modelled after anonymised
school preference data from the Amsterdam School Boards Association (OSVO) [1].
In this synthetic setting, we consider n = 100 students, m = 20 schools, and list
length l = 8, and generate preferences using a popularity-skewed procedure in
which a small subset of schools receives higher weight and thus a larger share
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(a) With varying α (b) With varying k

Fig. 3: Average number of unassigned students across simulation runs, varying
the fraction of strategic agents, α, and number of sincerely preferred schools,
k, respectively. The dashed red line marks the total extra capacity from the
placement guarantee.

of rank-1 demand. Our main metrics are: (i) the number of guarantee-eligible
students, defined as unassigned students after the main RSD round, and (ii) the
guarantee overrun, defined as the probability that this number exceeds the total
additional capacity Cextra created by the placement guarantee.

4 Experimental Results

We study how the mechanism behaves as we vary the fraction of strategic agents
α and the number of sincere preferences k. Unless stated otherwise, we use
the synthetic environment with n = 100, list length l = 8, and a fixed set of
popular schools. For each parameter setting we compute (i) the average number
of unassigned students after the main round and (ii) the guarantee overrun
probability Pr(|U | > Cextra).

First, we fix k, l, and γ = 0.04 (as in Amsterdam) and vary the fraction α ∈
[0, 1] of strategic agents. Figure 3a shows that the average number of unassigned
students increases as the fraction of strategic agents α grows. The dashed red
line indicates the total additional capacity created by the placement guarantee.
When more than 60% of students apply the strategy, the number of guarantee-
eligible students exceeds the available capacity extension, and the guarantee
cannot be honoured for all eligible students.

Second, we fix α = 1 (all agents strategic), keep l and γ fixed, and vary
k ∈ {1, . . . , l − 1} as k = 0 is substantively unrealistic and k = l corresponds to
lists with no strategic padding. Lower values of k mean that students have fewer
sincere schools and therefore fill more of their list with popular padding schools.
Conversely, when k is close to l, preferences are mostly sincere. Figure 3b shows
the values of k for which there are more unassigned students than the guarantee’s
capacity extension allows. When k ≤ 3, a large share of each list consists of
effectively unreachable popular schools, and the guarantee is repeatedly pushed
beyond its available capacity.
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5 Discussion and Future Work

We analysed an allocation procedure that combines RSD with a placement guar-
antee, inspired by the Amsterdam secondary school system. We formalised a sim-
ple reporting strategy in which students list their top k schools truthfully and
then pad the remainder of the list with popular schools, and showed that under
mild assumptions this strategy weakly dominates truthful reporting over the full
list. Using an agent-based simulation, we found that when such behaviour be-
comes widespread, the number of guarantee-eligible students often exceeds the
available extra capacity, so the guarantee cannot be honoured for all students
who satisfy the list-length requirement.

The present experiments use a deliberately small synthetic environment with
n = 100, m = 20, and l = 8 in order to isolate the incentive mechanism rather
than provide a calibrated prediction for Amsterdam. Scaling to Amsterdam-sized
cohorts is conceptually straightforward, since each run consists of sorting stu-
dents by a random order and checking capacities along submitted lists; the main
challenge is calibration, including realistic capacities, preference distributions,
perceived popular schools, and levels of strategic behaviour. The qualitative
pattern may also be sensitive to l, γ, and the definition of the popular set, which
should be studied systematically in future work.

The placement guarantee is communicated as a promise that students who
list at least l schools will receive a place at one of them, but our results show
that under plausible levels of strategic reporting this promise cannot always be
met. When many families adopt the top-k truthful strategy, the guarantee be-
comes infeasible, and some students remain unassigned despite complying with
the rule. This gap between the stated guarantee and the mechanism’s actual
capabilities risks undermining trust in both the allocation procedure and the
responsible institutions. From a design perspective, the combined mechanism
no longer preserves the straightforward truthfulness incentives associated with
standard RSD, because the fallback stage creates an additional outcome that
families may rationally target. Robust design therefore requires stress-testing
placement guarantees under plausible strategic responses before public commu-
nication frames truthful listing as safe.

Our analysis focuses on incentives and feasibility rather than distributional
impacts. Díaz et al. [7], for instance, simulate school choice under information
asymmetries using Chilean enrolment data and show that simplified performance
signals help low-income families but do not remove inequalities due to infor-
mation and geography. Future work includes a more complete analysis of best
responses and equilibrium behaviour under RSD with placement guarantees, ex-
periments calibrated to real preference and allocation data from Amsterdam,
and the design and evaluation of alternative guarantee rules.
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A RSD with Placement Guarantee Algorithm

Algorithm 1 gives a step-by-step description of the allocation procedure used in
the model and simulations. The procedure first runs Random Serial Dictatorship
(RSD) [3] using the submitted lists and the original school capacities. Students
who cannot be assigned to any school on their submitted list in this main round
remain unassigned. Among these students, only those who submitted a list of
length at least l are eligible for the placement guarantee. The guarantee stage
is then modelled as an ex-post capacity expansion, where each school s receives
⌊γcs⌋ additional seats. If the number of guarantee-eligible students exceeds the
total number of additional seats, the guarantee becomes infeasible.

Algorithm 1 RSD with placement guarantee
Require: Students N , schools S, capacities cs, reported lists Li, guarantee threshold

l, expansion rate γ
1: Draw a random permutation π of students
2: Initialise remaining capacities qs ← cs for all s ∈ S
3: for student i in order π do
4: Assign i to the highest-ranked school in Li with qs > 0, if one exists
5: If assigned to school s, set qs ← qs − 1; otherwise leave i unassigned
6: end for
7: Let U = {i : i is unassigned and |Li| ≥ l}
8: Expand capacities by c̃s = cs + ⌊γcs⌋ for all s ∈ S
9: Reconsider students in U using expanded capacity in order of π

10: If |U | > ∑
s∈S⌊γcs⌋, the guarantee is infeasible

B Strategic Reporting under Placement Guarantee

We focus on the incentives of a single student i, taking the behaviour of all other
students as fixed. Student i has sincere preferences over at most k < l schools,
r1 ≻i r2 ≻i · · · ≻i rk, and is indifferent between all other schools except for their
effect on eligibility for the placement guarantee. Let ui(s) denote the utility of
i for school s, with ui(rj) > 0 for 1 ≤ j ≤ k and ui(s) = 0 for any school that i
considers unacceptable.

Let P ⊆ S be the set of popular schools introduced in Section 2, with
|P | ≥ l − k. The top-k truthful strategy for student i is the reported list
LTP
i = [r1, . . . , rk, p1, . . . , pl−k], where (p1, . . . , pl−k) is any ordering of l− k dis-

tinct schools from P . Thus i reports the sincere top k schools and uses popular
schools to fill the remaining positions up to the guarantee threshold l.

We restrict attention to reported lists that agree with the sincere ranking
in the top k positions and differ only in the tail. Formally, let Li be the set
of lists Li = [r1, . . . , rk, tk+1, . . . , tl], where tk+1, . . . , tl are distinct schools in
S \ {r1, . . . , rk}. By construction, any school in positions k + 1, . . . , l yields zero
direct utility for i.

C-MAS 2026 Proceedings page 47 of 132



Exploitation of Placement Guarantees in Random Serial Dictatorship 9

Assumption 1 For student i, the expected utility from the placement guarantee
depends only on the top k positions of Li and is the same for all lists Li ∈ Li.
Moreover, schools in P are sufficiently oversubscribed that the probability of i
being assigned to any p ∈ P in the main round is negligible.

For a reported list Li = [s1, . . . , sl], let pj(Li) denote the probability that stu-
dent i is assigned to sj in the main RSD round, and let PMR(Li) =

∑l
j=1 pj(Li)

be the probability that i is assigned to some school on the list in the main round.
Let uPG

i (Li) denote the expected utility from the placement guarantee stage,
conditional on being unassigned and guarantee-eligible. The expected utility of
i under Li can be written as

E[Ui(Li)] =
l∑

j=1

pj(Li)ui(sj) +
(
1− PMR(Li)

)
uPG
i (Li).

For lists Li ∈ Li, the top k positions coincide with [r1, . . . , rk], and all
tail schools tk+1, . . . , tl yield zero direct utility. Hence the first term reduces
to

∑k
j=1 pj(Li)ui(rj). Under Assumption 1, uPG

i (Li) is the same for all Li ∈ Li,
so the tail affects the second term only through PMR(Li).

Proposition 1. Consider a student i with sincere preferences over at most k < l
schools. Under Assumption 1, any list in Li that uses only schools from P in
positions k+1, . . . , l weakly dominates any list in Li that uses at least one other
school in the tail. In particular, the top-k truthful strategy LTP

i is a best response
within Li.

Proof (Proof sketch). Replacing a tail school that may assign i in the main
round by a popular school p ∈ P with negligible assignment probability leaves
the distribution over {r1, . . . , rk} unchanged and weakly reduces PMR(Li). Since
uPG
i (Li) is unaffected within Li, this weakly increases the weight on the guar-

antee term while preserving the first term, and thus weakly increases E[Ui(Li)].
Iterating this replacement over all tail positions yields the claim.
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Abstract. This paper studies how a regulatory institution may affect
outcomes in a minimal strategic lending model with heterogeneous bor-
rowers. We consider a one-shot setting with three classes of agents: a
profit-maximizing lender that applies a threshold rule to a reported bor-
rower score, a population of borrowers that can strategically adjust this
score at a cost, and a regulator that shapes the lender’s incentives accord-
ing to a given social policy. Each borrower has a true creditworthiness
level and an adjustment cost parameter; a fixed threshold on true credit-
worthiness separates good (creditworthy) from bad borrowers, following
the good/bad distinction in strategic classification models. Borrowers
choose score adjustments to maximize their own payoff, trading off the
benefit of receiving a loan against their individual adjustment costs and,
for good borrowers, the harm of being denied credit. The lender’s profit
depends on the mix of accepted good and bad borrowers, while a reg-
ulator introduces a penalty on the number of good borrowers who are
denied credit and controls the strength of this penalty. We compare the
resulting regulated regime to an unregulated baseline and use simulation
experiments that vary regulatory strength and heterogeneity in adjust-
ment costs to assess how regulation may shift credit access and lender
profit in this stylized setting.

Keywords: Strategic classification · Incentive design · Credit lending

1 Introduction

Many institutional decisions in credit, housing, or hiring are implemented as sim-
ple threshold rules on observable scores, often produced by predictive models [7,
2, 4]. In credit settings, such scores may include observable variables such as re-
ported income, debt-to-income ratio, recent repayment history, or a composite
credit score, and a lender may approve an application only if this reported score
exceeds a threshold. A growing literature on strategic classification highlights
that these scores are not fixed: individuals can adapt their observable features in
response to a decision rule, often at a personal cost [5, 8, 11, 1]. In lending, such
adaptation can be interpreted as paying effort to improve or otherwise adjust (i.e.
manipulating perception of) a profile to clear a credit threshold. Critically, these
effort costs are heterogeneous: some borrowers can adjust their score cheaply,
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while others face much higher barriers, which can create systematic disparities
in who is able to respond to a model [12, 6]. As a result, even a formally neu-
tral threshold rule can induce unequal strategic burdens and unequal access to
loans. Our focus differs from most existing strategic-classification work, which
studies strategic populations responding to a classifier, by explicitly modelling
a regulator as an additional institutional agent that intervenes in the lender’s
objective.

In this paper we focus on the institutional role of regulation in such a setting.
We develop a minimal model of strategic lending with regulation with three types
of agents: a profit-seeking lender, a population of borrowers with heterogeneous
adjustment costs, and a regulator. Each borrower has a true creditworthiness
level and can pay a cost (in this model quadratic) to increase the score that the
lender observes, similar in spirit to effort-based models of strategic classification
[5, 8]. A fixed threshold on true creditworthiness separates good (creditworthy)
from bad borrowers and is used only to identify when denial of credit is socially
costly, following the good/bad distinction in prior work [12, 6, 3]. The lender
applies a threshold to reported scores and earns positive expected profit on
loans to good borrowers and negative expected profit on loans to bad borrowers.

The regulator is concerned with exclusions of creditworthy borrowers and
with the broader sociotechnical harms of such exclusions [14, 9]. Rather than
directly setting the lender’s threshold, it introduces a penalty on the number
of good borrowers who are denied and controls the strength of this penalty
through a parameter λ. The lender then chooses its threshold to trade off profit
against the penalised harm, yielding an equilibrium that depends on regulatory
strength. Our focus is complementary to recent work on performative prediction,
which studies how predictive models and outcomes co-evolve [13, 10], by explic-
itly introducing a regulatory agent that penalises exclusions within a stylised
strategic lending environment. Our model can be viewed as a minimal, one-
shot variant of the collective strategic-classification dynamics studied by [3], and
our experiments illustrate how even a simple regulatory penalty can shift the
lender from a high-profit, high-exclusion regime to a more inclusive one. Specif-
ically, we study how varying λ changes credit access and lender profit, and the
distribution of adjustment costs borne by borrowers, with particular attention
to disadvantaged groups who pay a higher cost for strategic adjustments. This
one-shot formulation is intended as a minimal static benchmark: it isolates the
immediate threshold response of the lender and borrowers to a given regulatory
penalty.

2 Model

We consider a one-shot interaction between three types of agents: a lender, a pop-
ulation of borrowers, and a regulator. Decisions are made via a simple threshold
rule on a scalar score, following the strategic classification setup of [3].

Borrowers. There areN borrowers indexed by i ∈ {1, . . . , N}. Each borrower has
a true creditworthiness zi ∈ R and an adjustment cost parameter ki > 0. A fixed
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Borrowers
strategically
adjust scores

via ai

Lender
chooses threshold t

Regulator
sets penalty weight λ

Outcomes
profit Π(t); harm H(t);

penalty

loan decisions

feedback

reported
scores si

Fig. 1: Conceptual flow of the regulated strategic lending model: the regulator
sets a penalty weight on excluding creditworthy borrowers, the lender chooses
a threshold on reported scores, borrowers strategically adjust their scores, and
outcomes determine profit and credit access across heterogeneous borrowers.

threshold θ on true creditworthiness is used to distinguish good (creditworthy)
from bad borrowers:

good if zi ≥ θ, bad if zi < θ,

Borrowers can strategically adjust the score used by the lender through a
single action ai ≥ 0. The reported score is

si = zi + ai,

and making a larger adjustment is more costly. We use a quadratic cost ci(ai) =
kia

2
i and capture heterogeneity in strategic capacity by assigning different ki

values to different groups (e.g., a low-cost group and a disadvantaged high-cost
group). Receiving a loan yields benefit b > 0. If a good borrower is rejected, they
incur an additional loss h > 0 representing the opportunity cost of exclusion;
bad borrowers do not incur this loss when rejected. Given a threshold t, each
borrower chooses ai to maximize their expected payoff (benefit minus cost and
possible exclusion loss).

Lender. The lender applies a threshold policy t (distinct from θ) on the reported
score: borrower i is accepted if si ≥ t and rejected otherwise. Loans to good bor-
rowers are profitable on average, while loans to bad borrowers are unprofitable.
We summarize this by two constants πG > 0 and πB < 0, denoting expected
profit from an accepted good or bad borrower, respectively, and set profit to zero
when a borrower is rejected. Total expected profit at threshold t is then

Π(t) = πG ·#{i : zi ≥ θ, si ≥ t}+ πB ·#{i : zi < θ, si ≥ t}, (1)

where the counts are determined by borrowers’ best responses ai(t).
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(a) Profit and Costs vs. share of good
borrowers who are denied

(b) Effect of λ on harm and profit.

Fig. 2: Simulation results for the regulated strategic lending model. The left
panel shows unregulated regimes (λ = 0): each point shows the total profit and
the fraction of good borrowers who are denied a loan when the lender selects
the most profiting threshold; colour encodes the adjustment parameter kH for
the disadvantaged group. The right panel shows the fraction of good borrowers
denied (left axis) and total profit (right axis) as functions of the penalty weight
λ, highlighting a sharp drop in harm at modest profit loss.

Regulator. The regulator is concerned with the exclusion of creditworthy bor-
rowers. For a given threshold t, we define the harm

H(t) = #{i : zi ≥ θ, si < t},

i.e., the number of good borrowers who are denied a loan. Regulation acts by
introducing a penalty on this harm into the lender’s objective. For a penalty
weight λ ≥ 0, the lender solves

t(λ) ∈ argmax
t

(
Π(t)− λH(t)

)
. (2)

When λ = 0, the lender purely maximizes profit; as λ increases, thresholds that
exclude many good borrowers become less attractive.

Social interaction. The interaction amongst borrowers, lender and regulator pro-
ceeds in four steps:

(i) the regulator fixes a penalty weight λ
(ii) the lender chooses a threshold t(λ)
(iii) borrowers best-respond by choosing ai(t(λ))
(iv) outcomes such as the lender profit Π(t(λ)) and harm H(t(λ)) are determined

With this set-up, by varying λ and the heterogeneity in ki we can study how
regulation affects credit access, strategic burden, and inequality between low-cost
and high-cost borrowers.
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3 Experiments

We run two simple simulations. In all runs we use N = 10,000 borrowers, draw
zi ∼ N (0, 1), set the good/bad cutoff at θ = 0, fix πG = 0.2, and let borrowers
best-respond to each threshold t. For any (t, λ), we compute profitΠ(t) and harm
H(t), which is measured by the number of good borrowers that were denied a
loan. The lender chooses t∗ via a grid search over t.1

First, we study the unregulated case λ = 0 across a grid of environments,
varying the share of low-cost borrowers pL ∈ {0.3, 0.5}, borrower benefit b ∈
{0.8, 1.0}, harm parameter h ∈ {0.1, 0.3, 0.5}, high-cost adjustment cost kH ∈
{0.3, 0.7, 1.0} (with kL = 0.1 fixed), and profit on bad borrowers πB ∈ {−0.4,−0.6}.
For each setting we find t∗(0) (the best threshold the lender can set) and record
total profit, the fraction of good borrowers denied, and group-specific acceptance
rates. Figure 2a plots the fraction of good borrowers denied versus Π(t∗(0)),
with colour encoding kH . We observe that some of the highest-profit regimes
still exclude a large share (around 25–35%) of good borrowers, and that these
high-profit, high-exclusion points are associated with particular values of kH , but
the pattern is clearly non-linear; understanding more precisely how kH shapes
this profit–exclusion frontier is an interesting direction for future work.

Second, we fix a representative high-harm regime from this grid with pL =
0.3, b = 1.0, h = 0.1, kL = 0.1, kH = 0.3, and πB = −0.6, and vary λ on
a fine grid. Next, for each λ we compute t∗(λ), Π(t∗(λ)), and the fraction of
good borrowers denied. Figure 2b shows that the harm is high and flat for small
λ, until a critical value λ⋆ where the lender switches to a lower threshold: the
fraction of good borrowers denied drops sharply (from about 28% to below 1%),
while profit decreases less dramatically (from about 432 to 412).

4 Discussion and Future Work

The present paper is best read as a proof-of-concept showing that even a minimal
regulatory intervention can alter equilibrium lending behaviour in a strategic en-
vironment. Our initial experiments highlight two simple observations. First, in
the absence of regulation, profit-maximizing thresholds can coincide with sub-
stantial exclusion of creditworthy borrowers, especially when the disadvantaged
group faces high adjustment costs. Second, it suggests that even a very simple
regulatory lever can induce a discrete shift in the lender’s best response: a small
increase in the penalty weight sharply reduces harm while reducing lender profit
by ≈ 5%. In this stylized setting, modest regulatory pressure can influence lender
incentives without fully undermining profitability.

The present model is intentionally minimal. It is one-shot, with a single
lender, binary good/bad types, and a linear penalty on exclusion, and thus ab-
stracts away from many institutional and market details of real-world credit

1 The code for the experiments are available at
https://github.com/m-tasnim/regulated-strategic-lending.git
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systems [4]. In particular, the binary good/bad distinction compresses a con-
tinuous repayment-risk distribution into a hard cutoff and therefore abstracts
away from heterogeneity near the boundary of creditworthiness. Despite this
simplification, the model highlights how even a basic regulatory penalty can
shift incentives in the presence of heterogeneous adjustment costs. Because the
model is one-shot, it should be interpreted as identifying short-run comparative
statics rather than long-run institutional dynamics. Future work could extend
it along several dimensions: richer borrower action spaces (e.g., separating fak-
ing creditworthiness from improving), alternative welfare and penalty functions,
multiple competing lenders, and dynamic settings in which both lenders and
regulators learn or adapt over time. Calibrating the model to empirical credit
data or to more detailed strategic-classification models would also be a natural
next step.

A central simplifying assumption of the model is that the regulator can per-
fectly identify all good borrowers who were denied credit. This likely overstates
the effectiveness of regulatory penalties. In practice, such cases would only be
partially observable, for example through borrower complaints backed by docu-
mentation, supervisory audits of lender decisions, or ex-post outcome monitoring
by an oversight body. Extending the model to partial or noisy observability is
therefore one of the most important directions for future work.
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Abstract. Social dilemmas are situations where gains from cooperation
are possible but misaligned incentives make it hard to stabilize prosocial
joint behavior. In spatiotemporally complex social dilemmas, barriers
from misaligned incentives interact with obstacles from spatiotemporal
complexity. We propose a multi-agent reinforcement learning algorithm
that finds cooperative resolutions by having agents minimize counter-
factual regret—the gap between optimal prosocial behavior and current
behavior. This approach disentangles the causes of selfish reward from
prosocial reward. Empirically, our method outperforms multiple baselines
in several complex social dilemma environments.

1 Introduction

Individuals often have desires that do not align with their group’s objectives.
When such scenarios contain spatial and temporal complexity they are called
sequential social dilemmas (SSDs) (Leibo et al., 2017). SSDs are challenging
because spatial and temporal complexity interacts with strategic complexity from
misaligned incentives. For example, in Cleanup (Hughes et al., 2018), players
collect apples whose growth depends on cleaning a polluted river—a prosocial
but costly action, creating a division of labor where cleaners sacrifice foraging
time for others’ benefit (Yaman et al., 2023).

Many works promote cooperation in SSDs: LOLA (Foerster et al., 2017)
models opponents’ behaviors; Jaques et al. (2019) investigate causal relation-
ships between agents’ actions; intrinsic motivation approaches (Hughes et al.,
2018; McKee et al., 2020; Lupu & Precup, 2020; Kwon et al., 2023) encourage
agents to maximize others’ welfare; D3C (Gemp et al., 2020) aligns incentives
automatically. However, these approaches fail to capture the reward generation
process, potentially leading to spurious predictions of true team incentives. Prior
centralized training methods (Foerster et al., 2016, 2018) ensure coordination
but do not address the entanglement of agents’ policies.

We propose using counterfactual regret to align incentives. In SSDs, agents may
be rewarded for selfish behaviors when others cooperate, causing entanglement
that biases contribution estimation. We utilize a causal model to capture the
reward generation process and define counterfactual regret as the difference
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between the maximum counterfactual reward for other agents and their actual
reward. Minimizing this regret guides agents to consider others’ rewards. Our
contributions are: (1) a generative model capturing reward generation in SSDs for
counterfactual reasoning; (2) counterfactual regret inference to construct intrinsic
rewards aligning agents with social incentives; (3) comprehensive evaluation
on four SSD tasks demonstrating superior performance. Our method adopts
Centralized Training with Decentralized Execution (CTDE), requiring joint
observations during training while enabling fully decentralized execution.

2 Methodology

2.1 Preliminaries

Partially Observable Markov Game (POMG) is defined by ⟨N,S,O, T,A,R⟩.
At each timestep t, agent i ∈ N chooses action ait ∈ A. The joint action
at = [a1t , · · · , aNt ] produces a transition T (st+1|at, st). Agent i observes oit and
maximizes Ri =

∑∞
t=0 γ

trit, where reward ri(at, st) depends on other agents’
actions.

Counterfactual Reasoning refers to reasoning about reward changes under
different actions. Under Markovian graphs (Pearl, 2010, 2009), conditioning on
state s: P (rcf|do(a = acf), s) = P (rcf | acf, s). In our POMG setting, condi-
tioning on s and a−i d-separates r−i from ai, allowing counterfactual reward
estimation.

2.2 Overview

Each agent i has a generative model Φim predicting rewards given joint obser-
vation ot and action at, and a policy model Φiπ mapping oit to ait. The overall
objective is:

Li(Φim, Φ
i
π) = Lim(Φim) + Liπ(Φ

i
π), (1)

where Lim is defined in Eq. 5 and Liπ in Eq. 6. The intrinsic reward is the negative
of counterfactual regret, promoting cooperative behaviors. Figure 1 depicts the
framework.

2.3 Causal Modeling

We model the environment via a Dynamic Bayesian Network G over [st,ot,at, rt]Tt=1:




st+1 = f(st,at, ϵs,t) (transition)
rit = gi(st,at, ϵr,i,t) (reward)
oit = hi(st,at, ϵo,i,t) (observation)

(2)

where ϵ· denotes i.i.d. noise and G is time-invariant with no unobserved con-
founders (Huang et al., 2021).
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Agent 𝒊’s policy learning with counterfactual regret
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$

If agent i take action 𝑎#
$,,- = 𝐴"

If agent i take action 𝑎#
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…

∑

∑

∑

Generative Model Learning via Eq. 8

Φ*
$𝒐#, 𝒂#~𝒟 𝒓#&$

Policy Learning with intrinsic 
reward 𝑟#

$,$/	 via Eq. 9

Φ0
$𝑜#$ 𝑎#$

Fig. 1: Training and inference of agent i. Blue: actual reward generation; green:
counterfactual-reward generation; red: regret calculation and intrinsic-reward
construction; gray: learning processes (Generative Model via Eq. 5, Policy via
Eq. 6).

Proposition 1 (Blockwise identifiability; proof in Appendix A). Under
Assumption 1, for each reward ri, the learned latent block ŝr

i

depends only on the
true reward-relevant block sr

i

up to an invertible reparameterization ŝr
i

= Hi(s
ri),

with no leakage from reward-irrelevant coordinates.

This justifies learning a mapping from observations to rewards via neural
networks. Under d-separation conditions, the shaped game preserves equilibria of
the original game (see Appendix A).

2.4 Counterfactual Regret Generation

Counterfactual individual rewards. We ask: how much would other agents
earn if agent i takes ai,cft instead of ait? Using generative model Φim : ON ×AN →
RN :

ri,cft = Φim(ot, a
i,cf
t ,a−i

t ), (3)

where a−i
t denotes actions of agents excluding i. The collective counterfactual

reward is R−i,cf
t =

∑N
j ̸=i Φ

i
m,j(ot, a

i,cf
t ,a−i

t ).
Counterfactual Regret. For agent i:

Regretit = max
ai,cft

[R−i,cf
t (ot, a

i,cf
t , a−it )]−R−i

t (ot, a
i
t, a

−i
t ), (4)

where R−i
t =

∑N
j ̸=i Φ

i
m,j(ot, a

i
t,a

−i
t ). We compute the max by enumeration over

Ai (typically |Ai| ≤ 9).
Intrinsic Reward. We set ri,int = −Regretit, yielding shaped reward r̂it =

ri,ext + αri,int , where α controls the weight on others’ welfare.
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Fig. 2: Collective reward on Coin and LBF (3 and 4 agents), 5 runs. Shaded: std.
dev. Training: 2× 107 steps.

2.5 Learning Objectives

Generative Model. For each agent i:

Lim = Eot,at,rt∼D
[
||Φim(ot,at)− rex

t ||2
]
. (5)

Policy Learning. Using PPO (Schulman et al., 2015):

Liπ = Êt
[
min(r̂it(θ)Â

i
t, clip(r̂

i
t(θ), 1− ϵ, 1 + ϵ)Âit)

]
,

where Âit = Qit(o
i
t, a

i
t)− V it (oit).

(6)

During training, intrinsic rewards and Φm use joint observations (centralized).
At execution, each Φiπ uses only local oit (decentralized). Both networks use GRU
layers for partial observability. The full algorithm pseudocode is in Appendix B.3.

3 Experiments

3.1 Setup

Environments. We evaluate on four SSDs: Coin (Lerer & Peysakhovich,
2017) (type-matching coin collection), LBF (Christianos et al., 2020) (coop-
erative foraging with doubled rewards), Cleanup (Hughes et al., 2018) and
Common_Harvest (Perolat et al., 2017), following Jaques et al. (2019). We test
scalability with 3–7 agent variants (Appendix B.1).

Baselines. PPO (Schulman et al., 2015) (Selfish), inequity aversion (Hughes
et al., 2018) (Inequity), and SVO (McKee et al., 2020). Details in Appendix B.3.

3.2 Results

Figures 2 and 3 show that our method (CF) consistently outperforms all baselines
across all eight scenarios. In Coin (Fig. 2a-b), CF maintains a significant advantage
throughout training. Coin_4_Agents includes an adversarial agent (receives +1
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Fig. 3: Collective reward on Common_Harvest and Cleanup (5 and 7 agents), 5
runs. Shaded: std. dev. Training: 2× 107 steps.

per coin, victim receives−2); CF handles this chaos and still outperforms baselines.
In LBF (Fig. 2c-d), CF shows remarkable stability, with pronounced gaps in the
4-agent setting.

For Common_Harvest (Fig. 3a-b), a tragedy-of-the-commons scenario, CF
significantly outperforms all baselines with strong scalability from 5 to 7 agents.
In Cleanup (Fig. 3c-d), a public goods game requiring self-sacrifice, CF achieves
the highest collective reward with consistent improvement. Ablation studies
(Appendix) show the optimal α scales as (N − 1): α = 2 for 3-agent and α = 5
for 4-agent settings, where each agent equally weights each other individual’s
welfare relative to its own.

4 Conclusion

We propose a multi-agent reinforcement learning algorithm that addresses social
dilemmas by encouraging agents to minimize counterfactual regret—the gap
between optimal prosocial behavior and current behavior. This enables agents
to balance self-interest with cooperation by disentangling selfish and prosocial
rewards. Empirical evaluations demonstrate consistent improvements over base-
lines across complex social dilemma environments. Future work will focus on
developing robust strategies against exploitation by defectors.
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A Details on proofs

Given the joint observations oit, ∀i ∈ [1, . . . N ], joint action at, we prove that,
reward-relevant sr

i

t is identifiable, as well as the unknown functions. Our gen-
erative model in Eq. 2, denoted by a Dynamic Bayesian Network (DBN) G, is
constructed over the variables {{skt }|s|, {oit,ait, rit}N}T in Partially Observable
Markov Game.

According to (Pearl, 2010), we can do counterfactual reasoning if we know all
the causal parents of the variable rit. Therefore, the goal is to show that we can
identify an agent i’s reward-relevant set of state components sr

i

t which have a
direct path to the individual rewards rit.

We show how we identify the latent state sr
i

t .
We rewrite the reward function and observation function in Eq 2 as,

[ot, r
i
t] = g(sr

i

t , s̄
ri

t ,at, ϵt),

where ot is the observed variable, and each rit is defined as rit = gi(s
ri

t ,at, ϵr,i,t).
sr

i

t is the reward-relevant state components while s̄r
i

t denotes the reward-irrelevant
state components.

For simplicity of notation, we omit the time index t below. We denote the
dimensions of variables by d(·).
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Let h := ĝ−1 ◦ g denote the reparameterization map from true latent variables
s to learned latent variables ŝ. Then we have:

ŝ = h(s), and equivalently s = h−1(ŝ).

Here, ĝ : S → X is the estimated generating function, and g : S → X is the
true data-generating process. Since both g−1 and ĝ are assumed to be smooth
and invertible, the composite function h and its inverse h−1 are also smooth and
invertible.

We denote by F the support of the Jacobian Jg(s), by F̂ the support of
Jĝ(ŝ), and by T the support of the transformation T (s). We use T to represent
a matrix that shares the same sparsity pattern as T .

Standing notation. Let y := (o⊤, r⊤)⊤ ∈ Rdo+N denote the stacked observations
and rewards. The true (unknown) data-generating diffeomorphism is g : S → Y,
so that y = g(s) for s ∈ S ⊆ Rds . A learned (invertible) model ĝ : Ŝ → Y satisfies
y = ĝ(ŝ) for ŝ ∈ Ŝ.

Reparameterization map: Define h : S → Ŝ by h := ĝ−1 ◦ g, so that
ŝ = h(s). Equivalently, h−1 : Ŝ → S satisfies s = h−1(ŝ), and we have the
composition ĝ = g ◦ h−1.

Notational convention: Throughout this appendix, we consistently use h
to map from true latents to learned latents (ŝ = h(s)), and h−1 for the inverse
mapping (s = h−1(ŝ)).

For a matrix M , let

supp(M) := {(i, j) : Mij ̸= 0}, supp(M)i,: := {j : Mij ̸= 0}.

Write F := supp(Jg), F̂ := supp(Jĝ), and T := supp(Jh−1).

Assumption 1 (Invertible generators, row–support, and span richness)
[(i)]
g and ĝ are C1 diffeomorphisms onto their images. Consequently, h = g−1 ◦ ĝ
and h−1 are C1 diffeomorphisms between Ŝ and S.

1.2. (Row–support structure of g for rewards) For each reward coordinate ri (row
index i ∈ {do + 1, . . . , do +N}), there exists an index set Fi,: ⊆ {1, . . . , ds}
(the reward-relevant latent coordinates sr

i

) such that

supp
(
[Jg(s)]i,:

)
⊆ Fi,: for all s ∈ S.

(Equivalently, ri does not depend on latent coordinates outside Fi,:.)
3. (Row–span richness) For each such reward row i, there exist evaluation points
{s(ℓ)}mi

ℓ=1 ⊂ S with

span
{

[Jg(s
(ℓ))]i,Fi,: : ℓ = 1, . . . ,mi

}
= R|Fi,:|.

Assumption 2 (Per-step SCM, d-separation, and positivity) At a fixed
time t, (st, at, ot, rt) is generated by an acyclic structural causal model (SCM) with
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mutually independent exogenous noises, so that interventions admit truncated
factorization. Moreover, in the per-step causal graph Gt,

r−it ⊥⊥ ait
∣∣ (st, a

−i
t ). (7)

Finally, positivity holds: for any feasible (st, a
−i
t ) and any a ∈ Ai,

P(ait = a | st, a−it ) > 0.

For brevity, when t is fixed we write (s, a−i) = (st, a
−i
t ), ai = ait, r−i = r−it , and

R−i =
∑
j ̸=i r

j
t .

A.1 Scope of Theoretical Analysis

We clarify the scope and applicability of the theoretical results in this appendix.

Identifiability Results (Section 2.3 and Propositions 1–2). The identifiability
analysis establishes that reward-relevant latent coordinates can be recovered from
observations under structural assumptions on the generators (Assumption 1).
These results justify the feasibility of learning accurate counterfactual predictors
and hold independently of Assumption 2.

Game-Theoretic Analysis (Propositions 3–1). These results analyze equilibrium
properties under the d-separation condition in Assumption 2, which states that
r−it ⊥⊥ ait | (st, a−it ).

Important Caveat: Assumption 2 is not satisfied in our experimental
environments:

– In the Coin game, collecting another agent’s coin instantaneously affects that
agent’s reward (−2 penalty).

– In Cleanup and Common_Harvest, fining beams create immediate reward
effects (−50 to the target).

Interpretation. The game-theoretic analysis under Assumption 2 characterizes
a limiting case: when an agent’s action has no instantaneous effect on others’
rewards, the counterfactual regret is identically zero (Proposition 3), and reward
shaping does not alter equilibria. This analysis clarifies when and why our method
is most impactful: precisely in settings where Assumption 2 is violated—i.e., when
agents’ actions do instantaneously affect others’ rewards, creating non-trivial
counterfactual regret that guides prosocial behavior.

Our empirical results demonstrate that the method succeeds in environments
where Assumption 2 does not hold, confirming that the counterfactual regret
mechanism is active and beneficial in realistic social dilemma settings.

Definition 1 (Coarse correlated equilibrium (CCE)). A distribution µ
over joint actions A =

∏
iA

i is an ε-CCE of a game with utilities {ui} if for all
i and all deviations σi ∈ ∆(Ai) that are independent of the correlation device
(and, when conditioning on state, of (st, a−it ) at step t),

Ea∼µ[ui(a)] ≥ Ea−i∼µ Eai∼σi

[
ui(a

i, a−i)
]
− ε. (8)
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Lemma 1 (Chain rule identity). Under Assumption 1(i), for all ŝ ∈ Ŝ with
s = h−1(ŝ),

Jĝ(ŝ) = Jg
(
h−1(ŝ)

)
Jh−1(ŝ). (9)

Proof. Since ĝ = g ◦ h−1, the multivariate chain rule gives (9).

Lemma 2 (Row–support mapping via span richness). Suppose Assump-
tion 1 holds. Fix a reward row i and an open set U ⊆ Ŝ such that for all ŝ ∈ U ,

supp
(
[Jĝ(ŝ)]i,:

)
⊆ F̂i,: for some index set F̂i,: ⊆ {1, . . . , ds}.

Then, for every j ∈ Fi,: and every ŝ ∈ U ,

supp
(
[Jh−1(ŝ)]j,:

)
⊆ F̂i,:. (10)

Proof. Fix ŝ ∈ U and let s = h−1(ŝ). By Lemma 1,

[Jĝ(ŝ)]i,: = [Jg(s)]i,: Jh−1(ŝ). (11)

By Assumption 1(ii), [Jg(s)]i,: is supported on Fi,:, so we can write

[Jĝ(ŝ)]i,: = [Jg(s)]i,Fi,: [Jh−1(ŝ)]Fi,:,:, (12)

where [Jh−1(ŝ)]Fi,:,: denotes the submatrix of Jh−1(ŝ) with rows indexed by Fi,:.
By assumption, supp([Jĝ(ŝ)]i,:) ⊆ F̂i,: for all ŝ ∈ U . We now show this implies

the column support constraint on Jh−1 .
Consider any column index k /∈ F̂i,:. By the support assumption, [Jĝ(ŝ)]i,k = 0

for all ŝ ∈ U . From (12), this means

[Jg(s)]i,Fi,:
· [Jh−1(ŝ)]Fi,:,k = 0 for all ŝ ∈ U.

Since h−1 is a diffeomorphism (Assumption 1(i)), as ŝ varies over the open set
U , the point s = h−1(ŝ) varies over an open set V ⊆ S. By Assumption 1(iii),
there exist points {s(ℓ)}mi

ℓ=1 ⊂ V (possibly by shrinking U if necessary) such that

span
{
[Jg(s

(ℓ))]i,Fi,:
: ℓ = 1, . . . ,mi

}
= R|Fi,:|.

Let ŝ(ℓ) := h(s(ℓ)) ∈ U be the corresponding points in learned latent space. For
each ℓ,

[Jg(s
(ℓ))]i,Fi,: · [Jh−1(ŝ(ℓ))]Fi,:,k = 0.

Since the vectors {[Jg(s(ℓ))]i,Fi,:}ℓ span R|Fi,:|, we can express any standard basis
vector ej (for j ∈ Fi,:) as a linear combination:

e⊤j =

mi∑

ℓ=1

α
(j)
ℓ [Jg(s

(ℓ))]i,Fi,: .

For any fixed ŝ0 ∈ U , by continuity of Jh−1 , we have

e⊤j [Jh−1(ŝ0)]Fi,:,k = [Jh−1(ŝ0)]j,k.
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Taking the linear combination and using linearity:

[Jh−1(ŝ0)]j,k =

mi∑

ℓ=1

α
(j)
ℓ [Jg(s

(ℓ))]i,Fi,: · [Jh−1(ŝ0)]Fi,:,k︸ ︷︷ ︸
need to evaluate at consistent points

.

To complete the argument rigorously: since Jh−1 is continuous on the open
connected set U , and the constraint [Jĝ(ŝ)]i,k = 0 holds for all ŝ ∈ U , we can
differentiate this constraint or use the fact that [Jg(s)]i,Fi,:

achieves full row rank
at the points s(ℓ). The column vector [Jh−1(ŝ)]Fi,:,k must be orthogonal to all
vectors in R|Fi,:|, hence must be zero.

Therefore, [Jh−1(ŝ)]j,k = 0 for all j ∈ Fi,: and all k /∈ F̂i,:. Equivalently, for
each j ∈ Fi,::

supp
(
[Jh−1(ŝ)]j,:

)
⊆ F̂i,:,

which is precisely (10).

Proposition 2 (Blockwise identifiability of reward-relevant latents).
Under Assumption 1, suppose moreover that for each reward row i there exists
an index set F̂i,: and an open U ⊆ Ŝ such that supp([Jĝ(ŝ)]i,:) ⊆ F̂i,: for all
ŝ ∈ U . Then, for each i, there exists an open set V ⊆ S and an invertible map
Hi : s

ri 7→ ŝr
i

such that, on V ,

ŝr
i

= Hi

(
sr

i)
,

i.e., the learned block ŝr
i

depends only on the true reward-relevant block sr
i

(up
to an invertible reparameterization within the block). In particular, no coordinates
from s̄ r

i

or sr
j

, j ̸= i, enter ŝr
i

.

Proof. Apply Lemma 2 for each reward row i. The inclusion supp([Jh−1(ŝ)]j,:) ⊆
F̂i,: for all j ∈ Fi,: implies that variations in the true coordinates sr

i

affect only
the learned coordinates indexed by F̂i,:, and no other learned coordinates. Since
Jh−1 has full rank (Assumption 1(i)), the restriction of h−1 to the subspace of
sr

i

is locally invertible onto its image (inverse function theorem), yielding the
claimed blockwise diffeomorphism Hi on some open set V . The exclusion of s̄ r

i

and sr
j

, j ̸= i, follows from the row–support containment established above.

Remark 1. Proposition 2 shows that the reward-relevant latent coordinates are
identifiable from observations up to an invertible reparameterization within each
reward block. This justifies learning a mapping from observations to individual
rewards via the corresponding learned latent block ŝr

i

without leakage from
reward-irrelevant coordinates.

Lemma 3 (Truncated factorization). Under Theorem 2, for any measurable
B ⊆ R−i and any ã ∈ Ai,

P
(
r−i ∈ B | do(ai = ã), s, a−i

)
= P

(
r−i ∈ B | s, a−i, ai = ã

)
. (13)
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Proof. By the truncated factorization of interventions, the post-intervention joint
density under do(ai = ã) is

pdo(ai=ã)(v) = δ(ai − ã) p(v)

p(ai | pa(ai)) ,

where v stacks all endogenous variables and pa(·) denotes parents in Gt. Condi-
tioning on (s, a−i) and marginalizing out all variables except r−i, we obtain for
any measurable B

P
(
r−i ∈ B

∣∣do(ai = ã), s, a−i
)
=

∫
1{r−i ∈ B} δ(ai − ã) p(s, a

−i, ai, r−i, . . .)
p(ai | pa(ai)) dai d(. . .)

∫
δ(ai − ã) p(s, a

−i, ai, . . .)
p(ai | pa(ai)) dai d(. . .)

=

∫
1{r−i ∈ B} p(s, a−i, ai = ã, r−i, . . .) d(. . .)

∫
p(s, a−i, ai = ã, . . .) d(. . .)

= P
(
r−i ∈ B

∣∣ s, a−i, ai = ã
)
,

which proves the lemma.

Define the counterfactual value for others as

f i(a) := E
[
R−i ∣∣ do(ai = a), s, a−i

]
, a ∈ Ai, (14)

and the per-step counterfactual regret as

Regretit := max
a∈Ai

f i(a) − f i(ai). (15)

Lemma 4 (d-separation implies invariance). Under Assumption 2, for any
measurable B ⊆ R−i and any ã ∈ Ai,

P
(
r−i ∈ B | s, a−i, ai = ã

)
= P

(
r−i ∈ B | s, a−i

)
.

Proof. By the global Markov property and faithfulness, (7) implies r−i ⊥ ai |
(s, a−i), which yields the stated invariance.

Proposition 3 (Per-step zero counterfactual regret). Let

f i(a) := E
[
R−i ∣∣ do(ai = a), s, a−i

]
, a ∈ Ai,

and define the per-step counterfactual regret as

Regretit := max
a∈Ai

f i(a) − f i(ai).

Under Assumption 2, we have Regretit = 0.
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Proof. By Lemma 3 (truncated factorization),

f i(a) = E[R−i | s, a−i, ai = a].

By Lemma 4 (d-separation invariance),

E[R−i | s, a−i, ai = a] = E[R−i | s, a−i],
which does not depend on a. Therefore maxa f

i(a) = f i(ai) and Regretit = 0.

For α ≥ 0, define the shaped utility

u
(α)
i (ai, a−i) := ri(ai, a−i) + αR−i(ai, a−i). (16)

Proposition 4 (Best-response and NE invariance under d-separation).
Fix a timestep t and a context (st, a

−i
t ). For α ≥ 0, define the shaped util-

ity u
(α)
t,i (a

i
t, a

−i
t ) := rit(a

i
t, a

−i
t ) + αR−i

t (ait, a
−i
t ), where R−i

t :=
∑
j ̸=i r

j
t . Under

Assumption 2, the expected-utility best responses coincide:

arg max
ait∈Ai

E
[
u
(α)
t,i (a

i
t, a

−i
t )

∣∣ st, a−it
]

= arg max
ait∈Ai

E
[
rit(a

i
t, a

−i
t )

∣∣ st, a−it
]
. (17)

Consequently, the sets of (stage) Nash equilibria of the shaped game {u(α)t,i }i∈N
and the original game {rit}i∈N coincide.

Proof. By Assumption 2 and the global Markov property (with faithfulness),
r−it ⊥⊥ ait | (st, a−it ). Hence for any integrable h,

E
[
h(r−it )

∣∣ st, a−it , ait
]
= E

[
h(r−it )

∣∣ st, a−it
]
.

Taking h(x) =
∑
j ̸=i xj yields

E
[
R−i
t (ait, a

−i
t )

∣∣ st, a−it , ait
]
= E

[
R−i
t (ait, a

−i
t )

∣∣ st, a−it
]
,

so the conditional expectation of R−i
t given (st, a

−i
t ) is independent of ait. There-

fore,

E
[
u
(α)
t,i (a

i
t, a

−i
t )

∣∣ st, a−it
]
= E

[
rit(a

i
t, a

−i
t )

∣∣ st, a−it
]
+ αE

[
R−i
t (ait, a

−i
t )

∣∣ st, a−it
]
,

where the second term does not depend on ait. Adding an ait–independent constant
does not change the maximizer set over ait, hence (17) follows. Because this holds
for every player i and every fixed a−it , the best-response correspondences of the
shaped and original games coincide, which implies their (stage) Nash equilibrium
sets coincide.

Lemma 5 (Cancellation under same-step d-separation). Fix a timestep
t. Let R−i

t (at, st) :=
∑
j ̸=i r

j
t (at, st). Let µ be a probability distribution over

joint actions at ∈ A and denote by µ−i its marginal on a−i
t . Assume at ∼ µ

is independent of st. Under Theorem 2, for any mixed deviation σi ∈ ∆(Ai)
independent of (st,a−i

t ),

Est Eat∼µ
[
R−i
t (at, st)

]
= Est Ea−i

t ∼µ−i
Eait∼σi

[
R−i
t

(
[ait,a

−i
t ], st

)]
. (18)
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Proof. By the tower property,

Est,at∼µ
[
R−i
t (at, st)

]
= E

[
E
[
R−i
t

(
[ait,a

−i
t ], st

) ∣∣ st,a
−i
t

]]
. (19)

By Theorem 2 and the global Markov property, r−it ⊥⊥ ait | (st,a−i
t ). Hence,

for any measurable h, E[h(r−it ) | st,a−i
t , ait ] = E[h(r−it ) | st,a−i

t ]. Taking
h(x) =

∑
j ̸=i xj yields the conditional invariance

E
[
R−i
t

(
[ait,a

−i
t ], st

) ∣∣ st,a
−i
t

]
= E

[
R−i
t

(
[a,a−i

t ], st
) ∣∣ st,a

−i
t

]
for all a ∈ Ai.

(20)
Therefore we may insert the σi-average (which is independent of (st,a−i

t )) without
changing the value:

Est,at∼µ
[
R−i
t (at, st)

]
= E

[
Eait∼σi E

[
R−i
t

(
[ait,a

−i
t ], st

) ∣∣ st,a
−i
t

]]
(21)

= E
[
Eait∼σi R−i

t

(
[ait,a

−i
t ], st

)]
, (22)

where the last step uses the tower property and (20). Finally, using the inde-
pendence of at ∼ µ and st, and writing the outer expectation as the product
measure over st and a−i

t ∼ µ−i, we obtain

Est,at∼µ
[
R−i
t (at, st)

]
= Est Ea−i

t ∼µ−i
Eait∼σi

[
R−i
t

(
[ait,a

−i
t ], st

)]
, (23)

which is exactly (18).

Proposition 5 (CCE invariance). Fix a timestep t. Let µ be a distribu-
tion over joint actions at ∈ A with marginal µ−i on a−i

t . Assume at ∼ µ is
independent of st. For α ≥ 0, define

u
(α)
t,i (at, st) := rit(at, st) + αR−i

t (at, st), R−i
t (at, st) :=

∑

j ̸=i
rjt (at, st).

(24)
Under Theorem 2, µ is an ε-CCE of the shaped game {u(α)t,i }i∈N if and only if µ
is an ε-CCE of the original game {rit}i∈N , with the same ε ≥ 0 (the case ε = 0
corresponds to exact CCE).

Proof. Recall that µ is an ε-CCE for utilities {vi} iff for every i ∈ N and every
coarse deviation σi ∈ ∆(Ai) (independent of (st,a−i

t )),

Est E[ vi(at, st) ] ≥ Est Ea−i
t ∼µ−i

Eait∼σi

[
vi
(
[ait,a

−i
t ], st

)]
− ε. (25)

(Here the outer expectation Est is explicit since utilities depend on st.)
Take vi = u

(α)
t,i in (25); we obtain

Est E
[
rit(at, st)

]
+ αEst E

[
R−i
t (at, st)

]
≥ Est Ea−i

t ∼µ−i
Eait∼σi

[
rit([a

i
t,a

−i
t ], st)

]

+ αEst Ea−i
t ∼µ−i

Eait∼σi

[
R−i
t ([ait,a

−i
t ], st)

]
− ε.

(26)
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By Lemma 5, the α-terms on both sides of (26) are equal:

Est E
[
R−i
t (at, st)

]
= Est Ea−i

t ∼µ−i
Eait∼σi

[
R−i
t ([ait,a

−i
t ], st)

]
.

Hence they cancel, yielding

Est E
[
rit(at, st)

]
≥ Est Ea−i

t ∼µ−i
Eait∼σi

[
rit([a

i
t,a

−i
t ], st)

]
− ε, (27)

which is exactly the ε-CCE inequality for the original utilities {rit}. The converse
direction is identical (add the same α-term to both sides and cancel via Lemma 5).
Therefore, the sets of ε-CCE coincide for the shaped and original games, with
the same ε.

Theorem 3 (External no-regret for shaped utilities). Fix an agent i with
finite action set Ai and simplex ∆(Ai). Consider mirror descent on ∆(Ai) with
the negative-entropy mirror map ψ(π) =

∑
a∈Ai π(a) log π(a) and a nonincreasing

stepsize sequence {ηt}Tt=1. Let the per-round linear loss be

ℓt,i(π) := −Ea∼π
[
Ã

(α)
t,i (a)

]
= ⟨gt, π⟩, where gt := − Ã(α)

t,i ∈ R|Ai|.

Assume the update is the KL-proximal step

πit+1 = arg min
π∈∆(Ai)

{
⟨ηtgt, π⟩ + DKL(π∥πit)

}
. (28)

Then for every comparator πi ∈ ∆(Ai),

Regretexti (T ) :=
T∑

t=1

(
ℓt,i(π

i
t)− ℓt,i(πi)

)
≤ DKL(π

i∥πi1)
ηT

+
1

2

T∑

t=1

ηt
∥∥Ã(α)

t,i

∥∥2
∞.

(29)
In particular, if ∥Ã(α)

t,i ∥∞ ≤ B for all t and ηt ≡ c/
√
T , then Regretexti (T ) =

O(
√
T ), and hence Regretexti (T )/T → 0.

Proof. Define ℓt,i(π) = ⟨gt, π⟩ with gt = −Ã(α)
t,i . By the optimality condition of

(28) on the simplex,
〈
ηtgt +∇ψ(πit+1)−∇ψ(πit), π − πit+1

〉
≥ 0 ∀π ∈ ∆(Ai).

Using the Bregman three-point identity (here Dψ = DKL), we obtain
〈
ηtgt, π − πit+1

〉
≤ DKL(π∥πit)−DKL(π∥πit+1)−DKL(π

i
t+1∥πit).

Decomposing ⟨gt, πit − π⟩ = ⟨gt, πit − πit+1⟩+ ⟨gt, πit+1 − π⟩ and substituting, we
get

⟨gt, πit−π⟩ ≤ ⟨gt, πit−πit+1⟩+
1

ηt

{
DKL(π∥πit)−DKL(π∥πit+1)−DKL(π

i
t+1∥πit)

}
.

C-MAS 2026 Proceedings page 72 of 132



16 Shuqing Shi, Yudi Zhang, Joel Z. Leibo, Yali Du

On the simplex, Hölder and Pinsker yield ⟨gt, πit −πit+1⟩ ≤ ∥gt∥∞ ∥πit −πit+1∥1 ≤
∥gt∥∞

√
2DKL(πit+1∥πit). Applying Young’s inequality ab ≤ ηt

2 a
2 + 1

2ηt
b2 and

canceling DKL(π
i
t+1∥πit) yields the one-step inequality

⟨gt, πit − π⟩ ≤
DKL(π∥πit)−DKL(π∥πit+1)

ηt
+

ηt
2
∥gt∥2∞.

Summing over t = 1, . . . , T with π = πi gives

Regretexti (T ) ≤
T∑

t=1

DKL(π
i∥πit)−DKL(π

i∥πit+1)

ηt
+

1

2

T∑

t=1

ηt ∥gt∥2∞.

Since {ηt} is nonincreasing, 1/ηt ≤ 1/ηT , so

T∑

t=1

DKL(π
i∥πit)−DKL(π

i∥πit+1)

ηt
≤ DKL(π

i∥πi1)−DKL(π
i∥πiT+1)

ηT
≤ DKL(π

i∥πi1)
ηT

.

Substituting back and using ∥gt∥∞ = ∥Ã(α)
t,i ∥∞ proves (29). If additionally

∥Ã(α)
t,i ∥∞ ≤ B and ηt ≡ c/

√
T , then Regretexti (T ) = O(

√
T ), hence the aver-

age regret vanishes.

Remark 2 (Dropping the shaped baseline under d-separation). Under Theorem 2,
the additive term αR−i in (16) is constant w.r.t. ai given (s, a−i); consequently,
advantages differ from those of ri only by a baseline and the bound (29) simulta-
neously holds for the original utilities ri.

Theorem 4 (Joint external no-regret ⇒ CCE). Let µT := 1
T

∑T
t=1 δat be

the empirical distribution of joint play. If each agent i satisfies Regretexti (T )/T →
0 with respect to the shaped utilities u(α)i , then µT is an εT -CCE of the shaped
game with εT → 0. By Proposition 5, under Theorem 2 the same holds for the
original game.

Proof. Fix i and σi. External no-regret gives 1
T

∑T
t=1

(
ℓt,i(π

i
t) − ℓt,i(σi)

)
≤ εT

with εT → 0. Unfolding ℓt,i and rewriting time-averages as expectations under
µT yields (8) for u(α)i with ε = εT . The invariance for the original game follows
from Proposition 5.

Corollary 1 (Welfare interpretation for α = 1). If α = 1, then u
(1)
i (a) =∑N

k=1 r
k(a) equals social welfare. Hence the shaped game is an exact potential

game with potential SW(a) =
∑
k r

k(a), and any (approximate) CCE/Nash profile
maximizes E[SW] within the reachable policy class. Under Theorem 2, this welfare
statement transfers to the original game by Propositions 4 and 5.
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A.2 Bias Decomposition of Model-Based Regret

We recall the per-step model-based counterfactual reward and regret. For agent i,
observation ot, joint actions (ai,t, a−i,t), and any counterfactual action acfi,t∈Ai,
let Φ̂(j)

m (ot, a
cf
i,t, a−i,t) denote the learned proxy for agent j’s external reward under

the intervention do(ai=a
cf
i,t) with others fixed at a−i,t. Define the model-based

counterfactual regret of agent i at time t by

R̂egreti,t := max
acfi,t∈Ai

∑

j ̸=i
Φ̂(j)
m (ot, a

cf
i,t, a−i,t) −

∑

j ̸=i
Φ̂(j)
m (ot, ai,t, a−i,t). (30)

For reference, the ideal regret based on the true external rewards r(j) is

Regret⋆i,t := max
acfi,t∈Ai

∑

j ̸=i
r(j)(ot, a

cf
i,t, a−i,t) −

∑

j ̸=i
r(j)(ot, ai,t, a−i,t). (31)

Assumption 5 There exists ε≥0 such that for all (o, ai, a−i) and all j ̸= i,
∣∣ Φ̂(j)

m (o, ai, a−i)− r(j)(o, ai, a−i)
∣∣ ≤ ε.

Lemma 6 (Sum error lifting). Under the uniform approximation assumption,
for any (o, ai, a−i),

∣∣∣∣∣∣
∑

j ̸=i
Φ̂(j)
m (o, ai, a−i)−

∑

j ̸=i
r(j)(o, ai, a−i)

∣∣∣∣∣∣
≤ (N − 1) ε,

where N is the number of agents.

Proof. Fix any tuple (o, ai, a−i) and define the per-agent approximation error

δ(j)(o, ai, a−i) := Φ̂(j)
m (o, ai, a−i)− r(j)(o, ai, a−i).

By the uniform approximation assumption, there exists ε ≥ 0 such that
∣∣δ(j)(o, ai, a−i)

∣∣ ≤ ε for all j ̸= i and all inputs (o, ai, a−i).

Then
∑

j ̸=i
Φ̂(j)
m (o, ai, a−i)−

∑

j ̸=i
r(j)(o, ai, a−i) =

∑

j ̸=i
δ(j)(o, ai, a−i).

Applying the triangle inequality to the sum on the right yields
∣∣∣∣∣∣
∑

j ̸=i
δ(j)(o, ai, a−i)

∣∣∣∣∣∣
≤

∑

j ̸=i

∣∣∣δ(j)(o, ai, a−i)
∣∣∣ ≤

∑

j ̸=i
ε = (N − 1) ε,

because there are exactly (N − 1) terms in the sum over j ≠ i. Combining the
displays proves the claim.
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Proposition 6 (Bias decomposition of model-based regret). Under the
uniform approximation assumption,

∣∣ R̂egreti,t − Regret⋆i,t
∣∣ ≤ 2 (N − 1) ε. (32)

Proof. Let f(a) :=
∑
j ̸=i Φ̂

(j)
m (ot, a, a−i,t) and g(a) :=

∑
j ̸=i r

(j)(ot, a, a−i,t).

Then R̂egreti,t = maxa f(a)− f(ai,t) and Regret⋆i,t = maxa g(a)− g(ai,t). By the
triangle inequality,

∣∣ R̂egreti,t − Regret⋆i,t
∣∣ ≤

∣∣max
a

f(a)−max
a

g(a)
∣∣

︸ ︷︷ ︸
(i)

+
∣∣g(ai,t)− f(ai,t)

∣∣
︸ ︷︷ ︸

(ii)

.

For (i):
∣∣maxa f(a)−maxa g(a)

∣∣ ≤ supa |f(a)− g(a)| ≤ (N − 1)ε by the lemma.
For (ii):

∣∣g(ai,t) − f(ai,t)
∣∣ ≤ (N − 1)ε again by the lemma. Summing the two

bounds yields (32). □

Corollary 2. If, under the structural independence conditions adopted in our
analysis, the ideal counterfactual regret vanishes (i.e., Regret⋆i,t = 0), then the
model-based regret is bounded as

∣∣ R̂egreti,t
∣∣ ≤ 2 (N − 1) ε.

A.3 From Model-Based Regret to Potential-Like Shaping

Define the intrinsic reward used for training agent i as

rinti,t := − R̂egreti,t. (33)

Introduce the per-step baseline

Bt := max
acfi,t∈Ai

∑

j ̸=i
Φ̂(j)
m (ot, a

cf
i,t, a−i,t), (independent of the realized ai,t),

(34)
and note that (30) implies the algebraic decomposition

rinti,t =
∑

j ̸=i
Φ̂(j)
m (ot, ai,t, a−i,t) − Bt. (35)

Lemma 7 (Action-independent baseline). For any actor–critic update that
treats action-independent terms as baselines (e.g., REINFORCE with baseline,
A2C, PPO), the quantity Bt in (35) does not affect the expected policy gradient
of agent i at time t because Bt does not depend on the realized action ai,t.
Consequently, adding rinti,t is equivalent in gradient effect to adding

r̃inti,t :=
∑

j ̸=i
Φ̂(j)
m (ot, ai,t, a−i,t) (36)

to the reward, up to the standard baseline invariance.
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Proof. Let πθ(ai,t | ot) be agent i’s policy andBt be measurable w.r.t. (ot, a−i,t, exogenous)
and independent of ai,t. Baseline identity:

E[∇θ log πθ(ai,t | ot)Ct] = E

[
Ct∇θ

∑

a

πθ(a | ot)
]
= E[Ct∇θ1] = 0, (37)

for any Ct independent of ai,t given ot.
Write rinti,t = r̃inti,t − Bt and denote by rt the immediate reward used in the

actor signal at time t. All standard actor–critic updates admit an actor gradient
of the form

Gt(θ) = E[∇θ log πθ(ai,t | ot)St] , St = Lt[r] + Zt, (38)

where Lt is a linear functional of the reward sequence whose coefficient on the
current rt equals 1 and Zt does not depend on rt. Replacing rt by rt −Bt yields

S′
t = Lt[r −B] + Zt = Lt[r]− Lt[B] + Zt = St −Bt, (39)

because the coefficient of the current reward in Lt is 1 and Bt pertains to time t
only. Hence

G′
t(θ)−Gt(θ) = E[∇θ log πθ(ai,t | ot) (S′

t − St)] = E[∇θ log πθ(ai,t | ot) (−Bt)] = 0,
(40)

by (37). Therefore the expected actor gradient is unchanged.
Instances of (38):

REINFORCE with baseline: St = Gt − b(ot), Gt = (return, linear in rt), (41)
A2C/TD(0): St = rt + γV (ot+1)− V (ot), (42)

GAE: St =
∑

ℓ≥0

(γλ)ℓδt+ℓ, δt = rt + γV (ot+1)− V (ot). (43)

In all cases the coefficient of rt in St equals 1, hence the above argument applies.
For PPO with clipped surrogate

LCLIP(θ) = E
[
min

(
rt(θ) Ât, clip(rt(θ), 1− ϵ, 1 + ϵ) Ât

)]
, rt(θ) =

πθ(ai,t | ot)
πθold(ai,t | ot)

,

(44)

the gradient at θ = θold satisfies

∇θLCLIP(θ)
∣∣
θ=θold

= E
[
∇θ log πθ(ai,t | ot) Ât

]
θ=θold

, (45)

so replacing Ât by Ât −Bt changes the expected gradient by E[∇θ log πθ(ai,t |
ot) (−Bt)] = 0 via (37).

Consequently, using rinti,t = r̃inti,t −Bt is equivalent, in expected actor gradient,
to using r̃inti,t .
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By adding and subtracting the true others’ return, write

r̃inti,t =
∑

j ̸=i
r(j)(ot, ai,t, a−i,t)

︸ ︷︷ ︸
ideal prosocial term

+
∑

j ̸=i

(
Φ̂(j)
m − r(j)

)
(ot, ai,t, a−i,t)

︸ ︷︷ ︸
δt

,

where the residual δt satisfies
∣∣δt

∣∣ ≤ (N−1)ε by the uniform approximation
assumption. Thus, from the perspective of the policy gradient, using rinti,t is
equivalent to augmenting the external reward by the ideal prosocial term plus a
bounded residual.

Informal Proposition (Policy-gradient perturbation bound). Consider
a γ-discounted actor–critic update for agent i with shaped return Rshp

i :=∑
t≥0 γ

t
(
rexi,t + α rinti,t

)
, where α ≥ 0. Let ∇J ideal(θi) and ∇Jmb(θi) denote the

expected policy gradients when the intrinsic term is respectively the ideal prosocial
sum

∑
j ̸=i r

(j) and its model-based counterpart r̃inti,t in (36). Assuming bounded
rewards and standard mixing conditions for the Markov chain under policy πθ,
there exists a constant C > 0 (independent of ε) such that

∥∥∇Jmb(θi)−∇J ideal(θi)
∥∥ ≤ C · α (N − 1) ε

(1− γ)2 . (46)

Sketch. The gradient difference reduces to a discounted sum of baseline-invariant
per-step perturbations induced by replacing

∑
j ̸=i r

(j) with r̃inti,t , each bounded
by (N−1)ε; accumulating over time yields the (1 − γ)−2 factor typical in PG
perturbation analyses. △

Equation (35) shows that −R̂egret behaves, in gradient effect, like adding
a prosocial potential

∑
j ̸=i Φ̂

(j)
m plus an action-independent baseline. When the

proxy error ε and the shaping weight α are small, (46) suggests that training is
close to the ideal prosocial shaping regime; conversely, large ε leads to a residual
that can bias updates and should be mitigated via conservative α, improved
modeling, or stronger regularization. If the maximization in (34) is approximated
by K-candidate sampling or gradient ascent in continuous action spaces, the
baseline Bt remains independent of the realized ai,t as long as the approximation
procedure does not depend on ai,t; hence the baseline-invariance argument still
applies. Approximation quality only affects the tightness of the baseline and not
the equivalence in (36).

B Additional details on experiments

B.1 Experiment Description

Level-based Foraging:
Agents are placed in the grid world, and each is assigned a random level.

Food positions are determined in each episode, each having a level on its own(no
more than 3). Agents can navigate the environment and can attempt to collect
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[LBF_3_Agents] [LBF_4_Agents]

food placed next to them. The collection of food is successful only if the sum of
the levels of the agents involved in loading is equal to or higher than the level of
the food. Finally, agents are awarded points equal to the level of the food they
helped collect(two times if they are cooperating), divided by their contribution
(their level).

Coin:

[Coin_3_Agents] [Coin_4_Agents]

The reward for an individual agent in the environment at each time step
under every scenario:

1. -4: other two agents get current agent’s coin, while this agent does not get
coin

2. -3: other two agents get current agent’s coin, this agent gets a coin
3. -2: another agent get current agent’s coin, this agent does not get coin
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4. -1: another agent get current agent’s coin, this agent gets a coin
5. 0: this agent do not get coin, other agents’ do not get its coin
6. 1: this agent gets a coin

when the environment only contains two coins or one coin, the reward position
of the missing reward would be (0,0), the type would also be (0). Let Ci be the
coin type of agent i. ri(t) equals to the instantaneous reward of agent i at time
step t. S(t) equals to the set of all coin types in time step t.

δCi,T =

{
1 Ci = T
0 otherwise

Therefore, the instantaneous reward of the agent i at time step t is:

ri(t) =
∑

T∈S(t)


δCi,T − 2 ·

∑

j ̸=i
δCj ,T




In the four-agent setting of Coin, we introduce an adversarial agent by giving
it a disruptive role. This agent has no matching coin type in the environment.
Its primary function shifts to disturbing the dynamics of the game, potentially
interfering with other agents’ actions. The optimal prosocial policy for this modi-
fied agent would be to remain stationary and abstain from coin consumption,
effectively minimizing its disruptive impact. This alteration creates a more com-
plex strategic landscape, forcing the other three agents to adapt their behaviors
in the presence of a potential adversary. The scenario now balances individual
coin-collecting goals against the challenge of navigating an environment with
an unpredictable, disruptive element, providing a richer context for studying
multi-agent interactions and conflict resolution strategies.

Cleanup (Hughes et al., 2018):

[Cleanup_5 ] [Cleanup_7 ]

In Cleanup, all agents are equipped with a fining beam which administers
−1 reward to the user and −50 reward to the individual that is being fined.
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There is no penalty to the user for unsuccessful fining. In Cleanup each agent
is additionally equipped with a cleaning beam, which allows them to remove
waste from the aquifer. Eating apples provides a reward of 1. There are no other
extrinsic rewards. In Cleanup, waste is produced uniformly in the river with
probability 0.5 on each timestep, until the river is saturated with waste, which
happens when the waste covers 40% of the river. For a given saturation x of
the river, apples spawn in the field with probability 0.125x. Initially the river is
saturated with waste, so some contribution to the public good is required for any
agent to receive a reward.

We also provide the 7 agents edition for Cleanup. In the 7-agent edition of
Cleanup, we expand the original environment to accommodate a larger group
of participants, intensifying the complexity of social dynamics and resource
management. The core mechanics remain unchanged: agents can clean waste
from the river, collect apples that spawn based on river cleanliness, and use fining
beams to penalize others. However, the increased number of agents creates a
more crowded and competitive space, amplifying the tension between individual
and collective interests. This expanded setting challenges agents to develop more
sophisticated strategies for balancing personal reward maximization with the
need for cooperative cleaning efforts. The larger group size also allows for the
emergence of more complex social structures, such as temporary alliances or
collective punishment of free-riders. Ultimately, this 7-agent version provides
a more sophisticated experimental framework for investigating how prosocial
behaviors and effective resource management strategies scale in larger multi-agent
systems.

Common_Harvest (Hughes et al., 2018):

[Common_Harvest_5 ] [Common_Harvest_7 ]

In Common_Harvest, all agents are equipped with a fining beam which
administers −1 reward to the user and −50 reward to the individual that is
being fined. There is no penalty to the user for unsuccessful fining. Eating apples
provides a reward of 1. There are no other extrinsic rewards.

In Common_Harvest, apples spawn relative to the current number of other
apples within an l1 radius of 2. The spawn probabilities are 0, 0.005, 0.02, 0.05
for 0, 1, 2 and ≥ 3 apples inside the radius respectively. The initial distribution of
apples creates a number of more or less precariously linked regions. Sustainable
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policies must preferentially harvest denser regions, and avoid removing the
important apples that link patches.

We also provide the 7-agents edition for the Common_Harvest environment.
The 7-agent edition of Common_Harvest expands the original environment to
create a more complex and challenging scenario for multi-agent cooperation
and resource management. This version maintains the core mechanics of apple
spawning based on local density and the use of fining beams, but introduces a
larger group of agents competing for limited resources. The increased number of
participants intensifies the challenge of maintaining sustainable harvesting prac-
tices, particularly in preserving the crucial links between apple patches. Agents
must develop more sophisticated strategies to balance individual rewards with
collective sustainability, navigating a more intricate social landscape where fining
decisions and harvesting behaviors have broader implications. This expanded
setting provides a richer platform for studying how sustainable resource man-
agement strategies scale with group size, the emergence of implicit social norms,
and the potential for diverse role specialization among agents. Ultimately, the
Common_Harvest_7 offers deeper insights into complex multi-agent dynamics
in shared resource scenarios, mirroring real-world challenges in environmental
and economic systems.

In the Common_Harvest and Cleanup, agents use partially observed graphics
observation, which contains a grid of 15× 15 centered on themselves. Therefore,
we could construct the environment as the POMG.

B.2 Algorithm Details

We utilized PPO algorithm in stable-baselines3 (Hill et al., 2018) to implement the
baselines and our methods, with all the agents using separated policy parameters
for every experiments. Following McKee et al. (2020), we implement Social Value
Orientation (SVO) by modifying each agent’s reward. The original formulation
rSVO
i = ri − α(1− arctan(

∑
j ̸=i rj/ri)) is undefined when ri = 0, which occurs

frequently in our environments (e.g., when an agent does not collect a coin). To
ensure numerical stability, we use a modified formulation:

rSVO
i = ri + α · atan2


∑

j ̸=i
rj , ri + ϵ


 , (47)

where ϵ = 10−8 prevents division by zero, and atan2(y, x) is the two-argument
arctangent function that correctly handles all quadrants and the case x = 0. We
set α = 0.5 for all SVO experiments, corresponding to a prosocial preference
angle of approximately 45 as recommended in McKee et al. (2020).

The hyper-parameters for PPO training are as follows.

– The learning rate is 1e-4
– The PPO clipping factor is 0.2.
– The value loss coefficient is 1.
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– The entropy coefficient is 0.001.
– The γ is 0.99.
– The total environment step is 1e7
– The environment episode length is 1000.
– The grad clip is 40.

B.3 Detailed Implementation

Network Architectures. Policy Network Φiπ: For grid-world environments (Coin,
LBF), we use a CNN encoder with three convolutional layers (32, 64, 64 filters,
kernel size 3×3, stride 1, ReLU activations) followed by a GRU layer (hidden
size 128) and two fully-connected layers (128 units, then |A| outputs). For pixel-
observation environments (Cleanup, Common_Harvest), we use a deeper CNN
encoder (four convolutional layers with 32, 64, 64, 64 filters) followed by the same
GRU and fully-connected architecture.

Generative Model Φim: The generative model uses the same CNN encoder
architecture as the policy but processes the concatenated joint observation
(stacking observations from all agents along the channel dimension). The encoder
output is concatenated with a one-hot encoding of the joint action and passed
through a GRU layer (hidden size 256) followed by two fully-connected layers
(256 units, then N outputs) to predict all agents’ rewards.

Value Network: Shares the CNN encoder with the policy network, followed
by separate fully-connected layers (128, 1) for value estimation.

Generative Model Training Configuration.
– Optimizer: Adam with learning rate 3× 10−4

– Batch size: 256 transitions sampled from replay buffer
– Update frequency: Every 1000 environment steps
– Loss function: Mean squared error (Eq. 5)
– Replay buffer size: 50000 transitions

Handling Partial Observability. Both policy and generative models use GRU layers
to aggregate information from observation histories. Hidden states are reset at
the beginning of each episode. During training, we use truncated backpropagation
through time with sequence length 20. The GRU hidden state is stored in the
replay buffer to enable proper credit assignment during off-policy updates of the
generative model.

Counterfactual Maximization Implementation. For all environments, we compute
the maximum in Eq. 4 by exhaustive enumeration over the discrete action space.
The action space sizes are:
– Coin/LBF: 5 actions (4 cardinal directions + stay)
– Cleanup/Common_Harvest: 8 actions (4 directions + 2 rotations + fire/clean

+ stay)

This enumeration requires |A| forward passes through the generative model per
agent per timestep, adding negligible computational overhead (less than 5% of
total training time).
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Hyperparameters for Main Experiments. Table 1 summarizes the key method-
specific hyperparameters used in our experiments. All methods use the same
PPO hyperparameters listed above.

Table 1: Method-specific hyperparameters for main experiments (Figures 2 and 3).
Environment CF (α) Inequity Aversion (β1, β2) SVO (α)

Coin_3_Agents 2.0 (0.5, 0.5) 0.5
Coin_4_Agents 5.0 (0.5, 0.5) 0.5
LBF_3_Agents 2.0 (0.5, 0.5) 0.5
LBF_4_Agents 5.0 (0.5, 0.5) 0.5
Cleanup_5 2.0 (0.5, 0.5) 0.5
Cleanup_7 3.0 (0.5, 0.5) 0.5
Common_Harvest_5 2.0 (0.5, 0.5) 0.5
Common_Harvest_7 3.0 (0.5, 0.5) 0.5

Hyperparameter Selection. For our method (CF), we selected α based on prelimi-
nary experiments using the scaling heuristic α ≈ N − 1, where N is the number
of agents. For baselines, we used default values from the original papers: Inequity
Aversion uses β1 = β2 = 0.5 (equal weight on advantageous and disadvantageous
inequity) (Hughes et al., 2018); SVO uses α = 0.5 corresponding to a prosocial
orientation (McKee et al., 2020). All methods received equal computational
budget for training (2 × 107 environment steps) and used the same network
architectures and PPO hyperparameters to ensure fair comparison.

B.4 Computational Resources

All experiments were conducted on an HPC system equipped with 128 Intel Xeon
processors operating at a clock speed of 2.2 GHz and 40 gigabytes of memory.
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Abstract. This paper proposes a Multi-Agent Reinforcement Learning 

framework for crowdsourced First-Last Mile Logistics based on a tripartite 

tender game mecha-nism. The framework treats clients and couriers as active 

autonomous agents with diverse preferences while respecting labor regulations 

and operational constraints. We theoretically derive optimal bidding strategies 

using cumulative distribution functions and experimentally demonstrate 

convergence to optimal behavior in 2-agent and 10-agent scenarios. Results 

confirm positive social welfare and non-negative courier profits under feasible 

parameters, offering a scalable, citizen-centric solution for decentralized logistics 

coordination..  

Keywords: First-Last Mile Logistics, Multi-Agent Reinforcement Learning, Auction 

Mechanisms, Game Theory  

1 Introduction   

First-Last Mile Logistics (FLML) is a type of supply chain widely used in cities and 

refers to transporting parcels from the customer to the sorting center (first-mile 

logistics) and vice-versa (last-mile logistics) [1]. It represents a critical socio-technical 

challenge where citizens are involved as both service recipients (clients) and employees 

(couriers) within platform economies. Therefore, unlike conventional supply chains, 

currently used FLML systems feature dual roles of citizens: (1) end-clients requiring 

time-sensitive delivery, and (2) crowdsource couriers, or regular agents, who function 

as citizens exercising autonomous decision-making during route execution. 

Crowdsource components in FLML may be represented as multi-agent system (MAS)  

[2]. Hence, it is appropriate to build a FLML system as a citizen-centric MAS (C-MAS) 

[3] coordinating the decentralized FLML participants with diverse needs and 

preferences. On the other hand, the FLML C-MAS must satisfy hard operational 

constraints protecting the interests of employees (for example, 12-hour shift limits) and 

customers (for instance, client's location stationarity) as well as soft constraints 

including the maximum tender price and the time window.   

Today, most commonly applied MAS approaches tend to be hierarchically built and 

are commonly focused on upper-level market interactions, where clients and couriers 

are rarely considered as active elements of the system [4, 5, 6, 7. A step toward taking 

an employee’s well-being into account, in particular, protection by local labor law, 

represent the approaches in which FLML couriers are active agents, for example, 

through auction mechanisms [1, 8, 9, 10]. However, [1] and [8] only focus on 

theoretically trivial games, rarely presented in the real FLML system, whereas [9] 

considers only soft constraints on the regular agents and [10] has not provided an 

analytical background of the auction system.   

Our work develops an auction approach from the perspective of respecting the rights 

of all participants, including clients as active participants, thereby forming a novel 

scalable MARL approach based on cumulative distribution function (CDF) 

C-MAS 2026 Proceedings page 85 of 132



2   F. Author and S. Author  

optimization [11] and explicitly demonstrating practice-to-theory convergence. 

Behaving as autonomous agents in transaction processes, clients and couriers produce 

the local tripartite tender game, attempting to maximize each person's expected profit. 

Using modified notation from [12], tripartite tender game agents are (1) clients deciding 

the input parameters and choosing the winner, (2) couriers competing on prices inside 

the game and (3) Platform Decision Agent (PDA) which is a supportive algorithm to 

verify if the winner can meet the time window and maximum worktime conditions. This 

mechanism requires at least one client, initializing the tender procedure and anticipating 

a lower delivery cost than what they would pay for FLML to a large firm, and at least 

two active couriers, however, it can easily be scaled to an arbitrary number of 

participants. This framework provides cohesive theoretical background for the MARL-

based explainable FLML systems. We propose the theoretical basis explaining the 

behavior of MARL agents, whose reward functions are based on the expected profit 

functions and basic rewards implemented to avoid rigid game cases. Appendix 1 

presents a diagram of the framework implementing the tripartite tender game 

mechanism as well as a diagram of the global route execution process.  

 The proposed framework gives the non-strategic clients the possibility to architect 

the game by establishing the maximum tender price and by setting the time window 

that the courier must respect to successfully deliver orders. Also, the client decides 

whether to accept or reject the tender winner. On the other hand, couriers within the 

tender game are authorized to bid, set the lower price boundary and form unique 

policies to win the tender and thus make profit. The above procedure meets the needs 

of citizen as primary agents with diverse needs and preferences. Furthermore, the 

tripartite tender game mechanism provides positive social welfare in terms of the game 

theory [13,14] through non-linear price establishment.  

Our contribution is as follows:  

1. We adapted the game theoretical model [11] to the conditions of the citizen-

oriented FLML scenario using hybrid constraints.  

2. We theoretically derived the existence of nontrivial optimal strategies for the 

tripartite tender game for the case of 2 players, and experimentally demonstrated the 

convergence to the same optimal behavior for the case of the K number of players.  

3. We experimentally showed positive client's welfare and non-negative profits 

for the couriers participating in the tender, as well as the convergence of the game to 

the optimal strategy in the case of mean-field approximation.  

2 Methods and materials  

2.1 Theoretical basis of the work  

Game parameters within the framework are as follows:  

𝐵 = 𝑐𝑜𝑛𝑠𝑡 refers to couriers hard constraint of upper boundary of route execution 

time meeting labor protection conditions; 𝐺 = (𝑁, 𝑃, П) is game structure, where: 𝑁 = 
(𝑖, 𝑗) is the set of agents; 𝑃 = (𝑃𝑖, 𝑃𝑗) is the set of agents’ actions; 𝐹𝑖(𝑃𝑖) is the 

cumulative distribution function of agent 𝑖 for tender price 𝑃𝑖. П = (П𝑖(𝑃𝑖|𝑃𝑗), 
П𝑗(𝑃𝑗|𝑃𝑖)) is the set of profit functions; 𝑏𝑟𝑖 is the basic reward of agent 𝑖; 𝛿 is the 

probability of agent 𝑖 winning the tender under the tie situation 𝑃𝑖 = 𝑃𝑗; 𝑝(𝑃𝑖 < 𝑃𝑗) is 

the probability of agent 𝑖’s tender price being less than agent 𝑗’s tender price; 𝑇𝑖𝑒𝑠𝑡 is the 

estimated time of route execution for agent 𝑖, 𝑇𝑖𝑒𝑠𝑡  𝑁; 𝑇𝑖𝑟𝑒𝑎𝑙 is the real route 

execution time of agent 𝑖; 𝑈 is the citizen-driven soft constraint as the maximum tender 

price will be accepted; 𝑉 is the winner’s reward share such that 𝑏𝑟𝑖  (the 

platform takes a commission from winner’s total reward)*; 𝜖  𝑐𝑜𝑛𝑠𝑡, 𝜖 ; 𝑅𝑖, 𝑅  

are the routes of agent 𝑖 under the basic and modified optimal route execution; 𝐴 is the 

set of orders to deliver; 𝑇𝑊(𝐴) refers to client’s soft constraint as the time window 

when A must be delivered; 𝑓𝑖(𝑇𝑊(𝐴)) is the cost of the 𝐴 incorporated into the route 

𝑅𝑖 for agent 𝑖.  

We introduce the tender profit function of agent 𝑖 as   
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П𝑖(𝑃𝑖) = 𝑏𝑟𝑖𝑃𝑖 + 𝑃𝑖 (𝑝(𝑃𝑗 > 𝑃𝑖) + 𝛿(𝑃𝑗 = 𝑃𝑖)) − 𝑓𝑖(𝑇𝑊(𝐴)) (1)  

Lemma 1 (Parameter Validity and Equilibrium Existence). Assumption: under 

boundary hard constraints 𝑇𝑟𝑒𝑎𝑙  𝐵 and soft constraints 𝑏𝑟𝑖  > 𝑏𝑟𝑗 > 0, 𝑏𝑟𝑖 + 𝑏𝑟𝑗 + 

𝑉   N and under the CDF equilibria 

concept  

П𝑖  𝑗; 𝑖, 𝑗  the 

following propositions satisfied:  

- The lower price bound 𝑃𝑖𝑙𝑜𝑤𝑒𝑟 > 0  

𝐹𝑖   satisfying - A mixed-strategy Nash equilibrium exists with CDF 

the indifference condition  

- The equilibrium is unique and stable under the given constraints           

Lemma 1 shows that for 2-agent tender game under soft client-driven (𝑈, 𝑇𝑊 , 

couriers-driven (𝑏𝑟𝑖, 𝑏𝑟𝑗, 𝑓𝑖𝑈,𝑗) and hard (𝐵) constraints the equilibria solution  

is the respective agent-determined tender price CDF curves, which are optimal as long 

as no parameters are shifted. Since the CDF curve is analytically formed, the RL agent’s 

behavior may be explained according to the theoretical concept, which we adapted for 

the proposed scenario.  

  
*We assume the case without additional platform payoff, and the platform’s purpose is exactly 
maintaining tender games.  

To secure the transparency and feasibility of the tender game results, we add the 

route feasibility conditions to the game terms. Let 𝑅𝑖 →          𝑅  be the adaptation  

𝑂(𝑅𝑖|𝐴,𝑇𝑊  

transition of courier 𝑖’s route under the specific optimization policy and 𝑇𝑖  the total 

route execution time. The tender game implies 2 validation layers: the agent 𝑖’s 

selfvalidation and the tender owner’s winner validation. From the self-validation 

perspective, the 𝑓𝑖𝑈,𝑗 value has been added to address the negative expected profit from 

winning the tender. The second validation implies the indifferent review procedure on 

the possibility of the tender winner to complete A.  

The winner must share his full route, the total time cost and the time window 

restrictions for A with the Platform Decision Agent (PDA), the PDA calculates the 

possibility and transfers it to the owner, then the owner accepts/rejects the winner 

candidate. If a winner 𝑤 has been rejected, П𝑤 𝑏𝑟𝑤, 
and the tender owner replays it once again for 𝑁′ . All agents in 𝑁′ receive a 

new offer and the sets of transparent information and act according to the standard 

protocol, otherwise the tender owner declares the winner and their bid, and the winner 

executes new route 𝑅𝑤   . This additional approval mechanism ensures that (a) bids 

remain undisclosed before the end of the game, (b) the winner’s full route is not 

disclosed to the tender owner (privacy security), (c) the tender owner gets proved and 

trustworthy information about the winner’s possibility of executing the modified 

optimal route and (d) the courier gets the new optimal route to execute it as fast as 

possible to meet the time windows requirements.  

Using the above transactions mechanism, we can construct a sequence of tender 

games for which the social welfare conditions are satisfied in accordance with Theorem 

1 (the proof is given in Appendix 3).  

Theorem 1: Assumption: if for each tender game in the sequence 𝔾𝜏  

𝐺𝑁𝜏𝑙 the boundary constraints from Lemma 1 are met, the social welfare function value 

cannot be negative for any feasible set of parameters in sequential decentralized tender 

games system:  
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𝕎 𝑇𝜏  𝕎𝜏 (3)  

Theorem 1 proves that negative social welfare results can never occur in client-

driven local tender games thus, both crowdsource couriers and clients achieve positive 

social welfare from decentralized local tender games sequence.  

  

2.2 Experiment design  

The experimental MARL system was based on the following conditions:   

1. For RL agents trained to play tender game according to Lemma 1 we used 

Centralized Training with Decentralized Execution (CTDE) learning 

mechanism discussed in [15] to avoid non-stationarity problem within learning 

iterations. According to Yiqin W. [16, par.3.1.3], “Orthogonally, …, to tackle 

the non-stationary issue, the centralized critic training decentralized execution 

(CTDE) paradigm (S3) has great significance. …. Under this architecture  

[CTDE], since agents do not experience unexpected changes in the dynamics  

of the environment, the training procedure and obtained results can be 

stabilized.”  

2. Learning reward function was normalized to 1 without any loss of 

representability.   

3. MARL factorial cost of calculating K 1-to-1 tender games in K-agents 

structures was addressed according to Yaodong Y. et.al. Authors state, “The 

scalability issue of multiagent learning in non-cooperative general-sum games 

can also be alleviated [from the MARL perspective] by applying the mean-field 

approximation directly to each agent’s Q-function” [17, ch.9.3], supporting the 

mean-field approximation as the viable MARL complexity reduction approach.  

4. This MARL system implicitly works with different couriers’ logistics costs via 

𝑃𝑖𝑙𝑜𝑤𝑒𝑟 analytical value as the baseline profit value under the indifference 

condition. Thus, the cost differences robustness is implemented implicitly into 

the MARL system without additional code necessity.  

MARL description:  

Observation of all basic components of the MARL system is presented in Table 1.  

Component Description 

Algorithm CTDE Actor-Critic, Beta policies, TD(0) critic 

Actor Net 4→128→128→[α,β], ReLU, softplus output 

Critic Net (4+1)→128→128→128→1, ReLU 

State [P_lower, U, br_i, br_j, (br_i≥br_j)] 

Action a~Beta(α,β), bid=P_lower+a·(U-P_lower) 

Reward 
Normalized expected profit + basic reward for losses  
For exact formulation look see Appendix 2, A1 

Optimizer Adam (actor: 1e-4, critic: 1e-3), grad clip=1.0 

Hyperparams 
Inflation rate (γ)=0.99, Target update (τ)=0.005, batch 

size=64, Flatten β temperature (T)=2.0, Entropy 

coefficient (α_ent)=0.05 

Training 100 epochs × 128 tenders, update every 16 steps 

Seeds {42, 123, 456, 789, 1011} for statistical reporting 

Table 1. Representation of the MARL system components.  

C-MAS 2026 Proceedings page 88 of 132



  Contribution Title (shortened if too long)  5  

  To construct the practical CDF equilibria concept, we used Beta distribution-

based agents with initial state Β(1,2) and the learning procedure presented in Figure 1.  

# Learning procedure pseudocode: 

for each tender t:  

    s_t ← get_state(br_i, br_j, P_lower, U)     a_t ~ Beta(α_θ(s_t)/T, 

β_θ(s_t)/T)          # Temperature-scaled sampling     bid_t ← P_lower + 

a_t·(U - P_lower)  

    r_t ← compute_reward(bid_t, won, br, F_opp)  # Normalized profit  

    store_transition(s_t, a_t, r_t, s_{t+1})  

      

    if buffer_size ≥ BATCH_SIZE:  

        Q_target ← r + γ·(1-d)·Q_θ'(s', mean[π_θ'(s')])         

L_critic ← MSE(Q_θ(s,a), Q_target)         θ ← θ - 

α_c· L_critic  

        A ← normalize(Q_θ(s,π_θ(s))) - baseline         

L_actor ← -E[log π_θ(a|s)·A] - α_ent·H[π_θ]         θ 

← θ - α_a· L_actor  

        θ' ← τ·θ + (1-τ)·θ'  

  

Fig. 1. Learning procedure pseudocode.  

Based on the initial suggestion that Beta distribution-based agent’s policy will tend 

to the theoretically proven optimal policy, we proposed the agent and critic network 

structures presented in Figure 2.  

 
Fig. 2. Agent (left) and critic (right) Neural Network schemas.  

 To evaluate the models’ performance, we used double-validation logic common for CTDE 

learning framework. Firstly, the divergence between the optimal expected profit and empirical 

expected profit is calculated by critic network which has the full observation of the game state. 

After that, each agent network’s action is examined via the critic network as the MSE between 

             Critic   network  architecture                   Agent   network architecture   
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the optimal parameters of policy and the empirical agent’s policy at the evaluation step to evaluate 

the changes in current policy. Beside it, agent also observes empirical profits to support the policy 

optimization gradient. Action space and episodes summary are provided in Table 2 and Table 3 

respectively.  

 

Parameter Value Description 

Epochs 100 (configurable) Outer training loop 

Tenders/epoch 128 (configurable) 
Environment interactions 

per epoch 

Total interactions 
~12,800 tenders Typical training budget 

Evaluation Every epoch 
KS-test convergence + 

win-rate tracking 

Convergence 

criterion 
KS p-value > 0.8 

Empirical CDF matches 

theoretical (Lemma 1) 

Table 3. Episodes and evaluation summary.  

We conducted three experiments. The goal of the first experiment was to demonstrate 

the convergence of the empirically obtained CDF to the theoretical one in games with 

different numbers of agents. The agents' objective functions and theoretical CDFs were 

taken from Lemma 1. To analyze the convergence of the empirically obtained CDF to 

the theoretical one in the 2-agent game, we used the Kolmogorov-Smirnov test. For the 

10-agent game, we used a mean-field approximation of the opponent's response 

function for each agent i, recorded the p-values for the last 40 agent training epochs, 

and plotted a boxplot of the p-values.  

In the second experiment, we examined the relationship between the agent CDFs and 

the bid size in a 2-agent game with different input parameters. The client's welfare and 

the winner's profit were calculated according to Theorem 1. The agent's objective 

function and the theoretical CDFs are given in Lemma 1. For the 2-agent game, we first 

set a low-cost time window and a high maximum tender price followed by shifting the 

parameters to a fixed, busy time window and a low maximum tender price.  

The third experiment investigated the scalability of the system and the dependence 

of the CDF within a 10-agent system on the bid size under different game initialization 

parameters. The agent's objective function for the profit was taken from Lemma 1, the 

theoretical CDF was calculated as the average CDF of mean-field approximations 

across agents, and the client's welfare and the winner's profit were calculated according 

to Theorem 1. A visual representation of the convergence of the experimental CDFs to 

the theoretical mean used the maximum positive and the maximum absolute negative 

deviations of the experimental CDF from the theoretical CDF for each bid size. For the 

10-agent game, we first used a low-cost time window and a maximum tender price 

followed by the selection of a fixed, busy time window and a low maximum tender price.   

Property Specification 

Type Continuous, bounded 

Normalized action a  ∈  [0, 1]  (sampled from Beta distribution) 

Physical bid 

Policy parameterization 

Training exploration Temperature scaling:  Beta(α/T, β/T)  with  T = 2.0 

Execution (eval) Deterministic:  a = α / (α + β)  (Beta mean) 

  
  
  𝑠 = 𝐵 𝑡    ;     𝑠 ,     𝑠 

𝑏𝑖  = 𝑃 𝑙     +     𝑈 − 𝑃       ∈ 𝑃       , 𝑈 

  
Table 2 . Action space summary.   
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3 Results and discussion  

3.1 Experiments result under the normal state environment and proposed agents 

architecture  

Figure 2 shows the results of evaluating the convergence of the practical CDF to the 

theoretical one in games with differing numbers of agents.  

                                               
a                                                            b  

Fig. 2. Convergence of empirically obtained CDFs of MARL agents to the theoretical optimal 

CDF under the conditions of high marginal cost and low-cost time window: a - for the 2-agent 

game, b - for the last 40 iterations of the 10-agent game.  

Figure 2a shows that the RL pricing distribution tends to the precalculated theoretical 

CDFs. Figure 2b demonstrates that the p-value of the significance of the discrepancy 

between the empirically obtained CDF and the theoretical mean-field approximated 

CDF distribution satisfies the conditions of the Kolmogorov-Smirnov test.  

Figure 3 shows the dependence of the agent CDF on the bid amount under the 

constraints on the tender price and the client’s preferred time window for a 2-agent 

game. 

                                               
a                                                            b  

Fig. 3. CDF dynamics for a 2-agent game under the different citizen-defined parameters: a - for 

a high maximum tender price U in a low-cost time window, b - for a low maximum tender price  

U and a busy time window.  

Figure 3 shows that if the citizen's parameters 𝑇𝑊(𝐴), 𝑈 and the couriers' constraints 

𝑏𝑟𝑖, 𝑏𝑟𝑗, 𝑓𝑖𝑈,𝑗 meet the feasibility bounds from Lemma 1, both the citizen's and the 

winner's welfare functions are positive. It also demonstrates that both agents tend to 

adhere to the theoretical optimal CDF for different input parameters of the game.  

Figure 4 shows the mean CDF patterns in a 10-agent MARL system and the client’s 

welfare and the mean CDF shifts in tighter citizen-driven soft constraints.   
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a                                                            b  

Fig. 4. Dynamics of approximate theoretical CDF and empirically obtained deviation fields in the 

10-agent game under the different client-driven parameters: a - for high maximum tender price U 

in a low-cost time window, b -for low maximum tender price U and a busy time window.  

  

Figure 4 demonstrates that under the different citizen-driven and couriers’ soft 

constraints the positive social welfare result remains while the feasibility condition 

from Lemma 1 has been met. Also, it shows that there is no tendency of abnormal 

behavior or unpredictable patterns within 10-agents MARL.  

3.2 Ablation  

In this subsection we provide the results of the experiments under the following 

patterns ablation:   

1) Set 𝑏𝑟𝑗 as 0 value to examine the optimal behavior shift within both agents if 

one agent has no basic reward  

2) Set Β = 1 to relax the learning aggressiveness constraint  

3) Set 𝑏𝑟𝑖 = 𝑏𝑟𝑗 = 0.5, thus reducing the tender expected benefit to 0 for any 𝑖 ∈ 𝑁  

4) Finally, we set 𝑏𝑟𝑖 = 𝑏𝑟𝑗 = 0 to construct a rigid reverse auction situation  

    

 Figure 5 demonstrates the tendency of agent with higher basic reward ratio to 

excessively prefer the high-bid strategy over the theoretically estimated strategy while 

the lower basic reward agent’s empirical policy difference from the theoretical optimal 

policy tends to zero.  
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Fig. 5. Empirical CDF comparison with theoretically optimal strategy under the proposition 

of lower basic reward is zero while the highest basic reward remains.  

Figure 6 shows the tendency of higher basic reward agent to hedge the risks and 

bidding lower on average than is expected by the analytical solution if the 

aggressiveness constraint is relaxed.  

  
Fig. 6. Empirical CDF comparison with theoretically optimal strategy under the relaxed 

learning aggressiveness constraint.  

Figure 7 demonstrates the rigid game case where no strategy space is involved (𝑏𝑟𝑖 

+ 𝑏𝑟𝑗 = 1 → 𝑉 = 0 ⟺ 𝑃𝑙𝑜𝑤𝑒𝑟 = 𝑈).  

  
Fig. 7. Empirical CDF comparison with theoretically optimal strategy under the two rigid 

cases: the zero-strategy space and zero basic reward case of Bertrand rigid game model.  

3.3 Baseline comparison  

In this section we demonstrate the empirical performance of agents described in 

section 2.2 against the baseline bidding agents. To compare the tender game result, we 

used two typical baseline bidders: fixed-bid strategy agent and heuristic bidder. 

Fixedbid strategy agent is a common agent, bidding exact price indifferently to the 

opponent’s decisions and game history. Heuristic bidder’s architecture was built 

according to the Heymann and Mertikopoulos [18], incorporating the sufficiently large 

stochastic bidding space and starting with uniform distribution CDF. Heuristic agent 

learning pseudocode presented in Appendix 4.  

Figure 8 shows the last 100 iterations performance of the MARL and fixed-price 

agents inside the tender game with equal parameters of basic rewards.  
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Fig. 8. Empirical profit comparison between the MARL and fixed-bid agents within 2000 

iteration training and 100 samples (left) and empirical profit comparison between the MARL and 

heuristic agents within 2000 iteration training and 100 samples (right).  

4 Conclusion  

This paper proposes a MARL-based framework for organizing Crowdsource 

FirstLast Mile Logistics, which coordinates the decentralized FLML participants as 

active agents with diverse needs and preferences while taking into account the 

regulatory constraints. Based on the findings in [11] and by introducing hybrid 

restrictions, we adapted the FLML scenario and theoretically demonstrated the 

nontrivial optimal strategies appropriate for the tripartite tender game. We 

experimentally confirmed the convergence of a two-agent game with MARL to 

theoretically optimal CDFs and the robustness of this MARL behavior for the 10-player 

case.   

The proposed framework can be easily integrated into existing crowdsourcing 

platforms. The framework code is available on request.   

In this work we intentionally excluded the logistics and market modelling due to the 

volume limitations, relevant dataset absence and scope of the article. Delivery time 

window robustness, non-stationary demand and exception handling via automatic 

logistics systems like PDA will be presented in future works with the extended 

analytical model to larger K-agent games, incorporate stochastic travel-time 

distributions, and evaluate performance on real-world FLML datasets.  
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Appendices  
Appendix 1. Graphic illustration of the proposed tripartite tender game framework  

  
  

Fig. А1. Tender game scheme  
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+ 

𝑖 + 
, 𝑖𝑓   

+ 

𝑏 𝑟 𝑖 + 𝑉 

( 𝑃 ) = 1 − 
𝑏 𝑟 𝑖 ( 𝑈 − 𝑃 ) 𝑓 𝑖 , 𝑗 

𝑈 

  
  

Fig. А2. Global route execution process, including the tender game structure  

  

Appendix 2. Proof of Lemma 1  

Agent 𝑖 faces 3 opportunities:   

𝑏𝑟𝑖𝑃  𝑉𝑃𝑖 , 𝑃𝑗 > 𝑃𝑖, 

П𝑖  {𝑏𝑟𝑖𝑃  𝛿𝑉𝑃𝑖, 𝑃𝑗 = 𝑃𝑖,                                                                                       (𝐴1)  

 𝑏𝑟𝑖  𝑃𝑖 ,  𝑠  

Let us accept without losing generality that 𝑏𝑟𝑖 .  

The lower price bound is defined by couriers and implemented as:  

𝑏𝑟 

 𝑃𝑙𝑜𝑤𝑒𝑟 = 𝑚 𝑥  𝑖 𝑏𝑟𝑗   

 𝑏𝑟𝑖  𝑉 𝑏𝑟𝑗  𝑉 

defines the minimum price of tender for the better performing agent to achieve the  

KPI-expected level and secure strongly positive profit. Set 𝑓𝑖𝑈,𝑗 = 

 – the maximal expected cost to deliver orders set 𝐴  

exactly in delivery time window 𝑇𝑊 .  
𝑈 

 {𝑏𝑟𝑖𝑃    𝑚 𝑥 𝔼

 𝐹𝑖  𝑃𝑖𝑙𝑜𝑤𝑒𝑟 

since expected profit of 𝑖 cannot be less than 𝑏𝑟𝑖𝑈 + 𝑓𝑖𝑈,𝑗, 𝑤  𝑝𝑟𝑜𝑝𝑜𝑠 :  

𝑈, 𝑏𝑟𝑖𝑈  𝑓𝑖𝑈,𝑗𝑃  

𝑏𝑟𝑖𝑃 + [1 − 𝐹𝑗(𝑃)]𝑉𝑃 = 𝑏𝑟𝑖𝑈 + 𝑓𝑖,𝑗   

𝑏𝑟𝑖  𝑉 

 𝑏𝑟𝑖𝑈 𝑓𝑖𝑈,𝑗 𝑏𝑟𝑖𝑈𝑏𝑟𝑖𝑈 𝑓𝑖𝑈,𝑗 

𝑏𝑟𝑗𝑃   𝑃   

 𝑏𝑟 𝑉 

𝑏𝑟𝑖𝑈  𝑏𝑟𝑖𝑃 

 𝑉𝑃→ 𝐹𝑗 𝑉𝑃                              (𝐴5)  

𝐹𝑗(𝑃𝑙𝑜𝑤𝑒𝑟)   

This proposition follows from 2 logical assumptions when the conditions of Lemma 1 

are met:  

1) 𝑗 will never bid on 𝑃′ < 𝑃𝑙𝑜𝑤𝑒𝑟 𝑠𝑖𝑛𝑐  𝑏𝑟𝑖𝑃′ + 𝑉𝑃′ < 𝑏𝑟𝑖𝑃𝑙𝑜𝑤𝑒𝑟 + 

𝑉𝑃𝑙𝑜𝑤𝑒𝑟 ⇒ П𝑖(𝑃′) < П𝑖(𝑃𝑙𝑜𝑤𝑒𝑟)  𝑛   
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2) 𝑗 will never bid on 𝑈 + 𝜖 since П𝑖(𝑈 + 𝜖) = 0 < 𝑏𝑟𝑖𝑈 Thus 𝐹𝑗(𝑈) = 

1  and  𝐹𝑖(𝑃)  has a mass point in U. Since  

𝑏𝑟𝑖(𝑈 − 𝑃) + 𝑓𝑖𝑈,𝑗 

𝐹𝑗(𝑃) = 1 −  (𝐴6)  

𝑉𝑃 𝑏𝑟𝑖𝑈 

 𝑓𝑖𝑈,𝑗 

  𝑉 𝑏𝑟𝑗𝑃 

  
𝑉𝑃 

 𝑏𝑟 (𝑏𝑟 𝑈 

 
𝐹𝑖   

 𝑉 𝑉𝑃 

Then   

  𝑃𝑙𝑜𝑤𝑒𝑟, 

 𝑏𝑟𝑗 (𝑏𝑟𝑖𝑈  ,  𝐹𝑖   

  𝑃𝑙𝑜𝑤𝑒𝑟 

 𝑉𝑃  𝑈 

 𝑃𝑙𝑜𝑤𝑒𝑟 

  

𝐹𝑗  , 𝑃𝑙𝑜𝑤𝑒𝑟   

 𝑈 

And   
𝑈 

𝔼 𝑃𝑖𝑙𝑜𝑤𝑒𝑟{𝑏𝑟𝑘𝑃                                               (𝐴10)  

expected tender profit for agent 𝑘, .   

  
Appendix 3. Proof of Theorem 1  

 Assume  the  citizen’s  welfare  for  game  𝐺  denoted  as  

𝑃  = 𝑈 − min(𝑃𝑖, 𝑃𝑗)                                                                                                          (𝐴11)   

Then the social welfare function is:   

𝑊 (𝑃𝑤|𝑃−𝑤) + 𝑏𝑟−𝑤𝑃,                                                                              (𝐴12) 
where 𝑤  winner agent in tender game G.  

(𝑁, 𝑃, П)  𝑁,                                                                                            (𝐴13)  

𝑃  𝑠𝑖𝑛𝑐  (𝑃𝑖, 𝑃𝑗)  𝑈,                                                                                          (𝐴14)  

 𝑛  П𝑤 𝑤, 𝑏𝑟𝑤  𝑜𝑟 𝑈                                                    (𝐴15.1) П𝑤

                                                   (𝐴15.2) 
Where 15.1 represents rigid game structure and 16.2 represents normal tender game. 

Since 𝑃    𝑛  П𝑤   – social 

feasibility is always non-negative under the parameters described in Lemma 1.  

Global FLML process may be described through the following model: let 𝐺𝑁𝜏 (𝑁, 𝑃, 

П) − tender game with agents subset 𝑁, |𝑁|   𝐶 and 𝜉𝑖𝜏,𝐺𝑁𝜏  [0; 1] − binary 

classification of agent 𝑖 participation in local tender game 𝐺𝑁𝜏 , 𝜅𝑖𝜏,𝐺𝑁𝜏  
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[0; 1] − binary classification of agent 𝑖 winning local tender game 𝐺𝑁𝜏 . For more than 

1 tender game processed within iteration 𝜏, 𝑁𝑎 .  Incorporating the feasibility 

conditions 17.1-17.4,  
𝑁 

 𝜉𝑖𝜏,𝐺𝑁𝜏  |𝑁|,                                                                                                                (𝐴16.1)  

𝑖 𝑁 
𝐶 

 𝜉𝑖𝜏,𝐺𝑁𝜏  |𝐶|,                                                                                                          (𝐴16.2)  

𝑖

 

𝑁,𝑁

 

𝐶 𝑁 

 𝜅𝑖𝜏,𝐺𝑁𝜏 ,                                                                                                                    (𝐴16.3)  

 
𝑖𝑁 

𝐶 

 𝜏 |𝐶| 

𝜅𝑖,𝐺𝑁𝜏                                                                                                           (𝐴16.4)  

𝑖𝑁,𝑁 𝐶 

We define 𝔾𝜏  full set of tender games at iteration 𝜏.  

Thus,   
 𝑙 𝑙 𝑁 

𝕎𝜏  𝜅𝑘𝜏,𝐺𝑁𝜏  П𝑘(𝑃𝑘|𝑃  𝑜𝑟  

 𝑖  𝑖  
𝑙 

𝕎𝜏  𝜅𝑘𝜏,𝐺𝑁𝜏  П𝑘(𝑃𝑘|𝑃−𝑘) + 𝜉𝑚𝜏 ,𝐺𝑁𝜏 𝑏𝑟𝑚𝑃𝑚,  

𝑖  

 𝐾|𝜅𝑘𝜏,𝐺𝑁𝜏                                                                                   (𝐴17)  

Finally,  

𝕎 𝑇𝜏  𝕎𝜏                                                                                                                 is a 

full social welfare from tender games within the observation period 𝑇.       

  

Appendix 4. Heuristic bidder learning pseudocode  

Input parameters: agent id - unique identifier 

of agent P_lower, U - lower and upper 

bounds of bid  

lr - learning rate  

K - learning history window size  

N - number of discrete bid action space 

𝒜 = {a1,...,aN} - action space π = 

{π1,...,πN} - policy vector  

ℋ_bid - history buffer  

opp_bids - history of opponent's bids within the K observations  

  

Algorithm 1: Act  

Input: state (unused), training ∈ {True, False}  

Output: (action_val, action_tensor, log_prob_tensor)  
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1. if |ℋ_bid| < K then  

2. chosen_idx ← UniformRandom({1, ..., N})  

3. else  

4. chosen_idx ← CategoricalSample(π)  

5. raw_bid ← 𝒜[chosen_idx]  

6. bid ← Clip(raw_bid, P_lower_init, U_init)  

7. if U_init == P_lower_init then  

8. action_val ← 0.5  

9. else  

10. action_val ← (bid - P_lower_init) / (U_init - P_lower_init)  

11. end if  

12. prob ← π[chosen_idx]  

13. log_prob ← log(prob + ε)  

14. Record bid  

15. ℋ_bid.append(bid)  

16. return action_val, tensor([action_val]), tensor([log_prob])  

  

Algorithm 2: UpdatePolicy  

Input: reward ∈ ℝ, P_lower, U ∈ ℝ, opp_bids: List[ℝ]  

Output: None (updates π in-place)  

  

1. if |opp_bids| < 8 then  

2. pass  

3. end if  

4. ma_est ← Mean(opp_bids[-8:])  

5. idx ← SearchSorted(𝒜, ma_est, side='left')  

6. if idx > 0 then  

7. target_idx ← idx - 1  

8. else  

9. target_idx ← 0  // Boundary case: bid minimum  

10. end if  

11. N ← |π|  

12. if N > 1  

13. denom ← lr / (N - 1)  

14. π ← π - denom  

15. π[target_idx] ← π[target_idx] + lr + denom  

16. end if  

17. π ← Clip(π, 0, 1)  

18. π ← π / Sum(π)  

  

Algorithm 3: ComputeReward  

Input: my_bid, my_br, U, P_lower  ℝ; opp_bids: List[ℝ]; won, tie  {True, False}  

Output: reward  [0, 1]  

  

1. if won then  

2. margin ← (my_bid - P_lower) / (U - P_lower + ε)  

3. reward ← Clip(margin, 0, 1)  

4. else  

5. reward ← my_br  

6. end if  

7. if tie then  

8. reward ← reward × 0.5  

9. end if  
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10. return reward  

  

Main loop:  

  

1. for t = 1 to T do  

2. // Step 1: Observe state and opponent history  

3. s_t ← GetState(my_br, opp_br, P_lower, U)  

4. // Step 2: Select and submit bid  

5. (action_val, action_t, log_prob_t) ← Act(s_t, training=True)  

6. bid_t ← Denormalize(action_val, P_lower_init, U_init)  

7. SubmitBid(bid_t)  

8. // Step 3: Observe outcome  

9. (won_t, opponent_bid_t, tie_t) ← ObserveTenderResult()  

10. // Step 4: Compute reward  

11. reward_t ← ComputeReward(bid_t, my_br, U, ℋ_opp, won_t, P_lower, tie_t)  

12. // Step 5: Update statistics  

13. total_games ← total_games + 1  

14. if won_t then  

15. wins ← wins + 1  

16. win_rate ← wins / total_games  

17. // Step 6: Record opponent behavior  

18. ℋ_opp.append(opponent_bid_t)  

19. // Step 7: Policy update (if sufficient history)  

20. if |ℋ_bid| ≥ K then  

21. UpdatePolicy(reward_t, P_lower, U, ℋ_opp)  

22. end if  

23. // Step 8: Optional logging  

24. Log(t, bid_t, reward_t, win_rate, π)  

25. end for  

26. return π, {wins, total_games, win_rate, ℋ_bid, ℋ_opp}  
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Abstract. This paper presents ongoing work on a human-centric ap-
proach to rural microtransit that combines AI-based rider modeling with
system optimization to improve service efficiency without increasing rider
costs. Our approach centers on a Rider Agent that estimates the like-
lihood that a rider will accept alternative pickup times and combines
these estimates with system-level benefit to rank candidate scheduling
options for flexible trips. We discuss early simulation results and we
outline next steps, including LLM-supported development of alternative
message framings, expanded simulation experiments, and preparation for
a pilot deployment in Wilson, North Carolina.

Keywords: Civic services · Sociotechnical systems · Public ride sharing

1 Introduction

In many small communities, residents rely on microtransit to reach work, health-
care, and other essential destinations [1]. Microtransit is a shared, technology-
enabled public transit service with flexible routing and pickup and dropoff loca-
tions that accommodates on-demand trip requests. Riders typically book through
an app, and unlike commercial ride-hailing services such as Uber and Lyft, trips
are shared and offered at a nominal fare. This model is especially relevant in sub-
urban and rural areas, where fixed route bus systems are often costly and under-
used. However, public agencies still bear substantial operating costs, including
payments to technology providers and the expense of vehicles and drivers, while
rider fares cover only a small share of service costs.

This paper presents our vision for a smart public microtransit system that
uses community-supported solutions to distribute travel demand more equitably
[2]. We focus on Wilson, NC, where microtransit is the only public transit option
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and many residents depend on it for daily mobility. In a recent survey, 47% of
respondents reported using microtransit mainly for work trips, 86% were carless,
and 57% had annual incomes below $25K [3]. Wilson’s system currently receives
about 20,000 trip requests per month, yet during peak hours there are long waits,
delays, and missed trips for riders who often do not have any alternatives.

Our approach combines AI with schedule optimization to better satisfy rider
needs under limited resources. Rather than treating rider requests as fully fixed,
we model microtransit as a sociotechnical system (STS) [4], where riders, drivers,
and the transit authority form the social tier, and vehicles and ride-request
technologies form the technical tier. We posit that some riders may be willing
to adjust pickup or dropoff times when doing so improves system performance
or helps other riders. This willingness to adapt for the benefit of others is an
instance of prosociality.

Our research question is: How can a human-centric AI system integrated
with microtransit optimization encourage riders to make prosocial schedule ad-
justments, and to what extent can this improve system efficiency, reduce wait
times, and maintain or enhance rider satisfaction without relying on pricing? We
use AI to understand rider preferences and encourage such behavior in ways that
can improve service for the broader community [5]. Trip requests are evaluated
in real time. Inflexible trips, such as travel to work, medical appointments, or re-
turning home, are scheduled as early as possible. Flexible trips, such as shopping,
may be shifted to alternative time slots that better match rider preferences and
system needs. These alternatives are identified using destination hours, learned
rider preferences, and expected system benefit based on current and historical
demand.

2 Rider Agent

The Rider Agent estimates the probability that a rider will accept proposed
alternative pickup time slots. These estimates are combined with an estimate of
benefit to the system when ranking candidate slots.

The model represents each rider as a weighted mixture over a fixed set of
rider categories (e.g., student, full-time worker, part-time worker, retired). Each
category ci specifies an acceptance probability πi(s) ∈ [0, 1] for each time slot s.
(We use 30-minute slots between 5 AM and 11 PM, the daily service window.)

Category-level acceptance probabilities are initialized using manually speci-
fied priors based on expected daily availability patterns. These values are shared
across riders and updated gradually using aggregated data. For rider r, the pre-
dicted acceptance of slot s is computed as

π̂r(s) =

∑
i wri πi(s)∑

i wri
,

where wri is the rider-specific weight for category ci.

C-MAS 2026 Proceedings page 103 of 132



Realizing Rural Microtransit 3

Initialization At signup, rider weights are initialized using demographic at-
tributes such as age and employment status. These attributes determine the
rider’s initial distribution over the categories.

Request-Time Conditioning In addition to the rider-specific category weights,
acceptance predictions are conditioned on the rider’s requested pickup time treq.
When evaluating a candidate slot s, the model incorporates the temporal dis-
tance between s and treq so that slots farther from the requested time receive
lower predicted acceptance.

Slot Ranking For each candidate slot s, we compute a joint score

score(s) = π̂r(s) ·B(s),

where B(s) denotes the system-level benefit of scheduling the trip in slot s.
Candidate slots are ranked by this score prior to feasibility filtering and presen-
tation to the rider.

Candidate Slot Generation For a flexible request that cannot be served imme-
diately, we first construct a feasible time window and enumerate candidate slots
within that window. For each slot s, we compute a benefit value B(s) based on
current and historical demand.

Depending on the policy, candidate slots are ranked either by (i) benefit
alone (benefit baseline) or (ii) the joint score π̂r(s) · B(s) (learned policy). The
top-ranked slots are then passed to a feasibility check, and up to three feasible
alternatives.

Online Updates via Hedge After each interaction, we update rider-category
weights using an exponential-weight (Hedge) rule. Let s∗ be the slot selected
by the rider (or no selection if all flexible options are rejected). Each category
incurs a loss

ℓri =

{
1− πi(s∗) if a slot is selected,∑
s∈A πi(s) otherwise,

where A is the set of offered slots. Weights are updated as

wri ← wri e
−ηℓri ,

followed by normalization over valid categories.

Category Updates We use responsibility-weighted aggregation to update cate-
gory acceptance probabilities. When a rider selects slot s∗, category ci receives
fractional responsibility

γri =
wri πi(s

∗)∑
j wrj πj(s

∗)
.
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Each category accumulates effective counts and updates its slot acceptance
probability after the effective sample size for the category exceeds a minimum
threshold. This enables category models to adapt using population behavior
while rider weights capture rider-specific behavior.

2.1 Simulation Assumptions

We make the following assumptions in the simulation experiments.

– Demand input. Trip requests and the initial start-of-day vehicle manifests
are provided as an input demand manifest.

– Rider population size and request assignment. The rider population
size is fixed (four riders). Incoming requests are assigned to riders in a round-
robin manner.

– Rider demographics. Each rider is assigned an age (uniformly sampled
from 16–75) and an employment type sampled from a fixed set: {student,
working-fulltime, working-parttime, unemployed, retired}.

– Latent time-slot preferences for riders. Each rider has a latent prefer-
ence value for each time slot, initialized from an employment-type-specific
prior pattern with additional random perturbation.

– Flexible versus inflexible trips. Each request is labeled as flexible with
probability 0.9 and inflexible with probability 0.1, independent of destination
type and rider history.

– Rider choice model under flexible shifts. When offered alternative time
slots, a rider selects one based on latent slot preferences with additional
decision noise.

– Global category models. Category-level time-slot acceptance profiles are
treated as fixed; learning updates modify only rider-specific category weights.

For the simulation, we use two kinds of learning agents and four rider agents.
Rider learning agents learn the scheduling time slots and weights, initialized
as in Table 1. The weights will be learned over simulation. The Category agent
maintains each rider’s category. A learning agent updates weights and categories.
The rider agents process schedule preference probabilities and option selections.
The main service agent Carma receives messages, produces options, and updates
schedules for the riders.

2.2 Preliminary Results

Each simulation runs 200 requests. For baseline, we use the system-level benefit
of scheduling the trip in slot s that is denoted as B(s) in the agent description.
The learning agent learns from every request and updates the weights. In the
diagrams, these are shown as learned.

The agent recommends ride options that are booked and tends to propose
options with longer acceptable waits and shorter detours. Figures 1a and 1b
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Age Status Student Full-Time Part-Time Unemployed Retired

< 18 Student 0.95 0.0 0.05 0.0 0.0
< 18 Part-time 0.2 0.0 0.8 0.0 0.0
< 18 Full-time 0.2 0.8 0 0 0.0
18–64 Student 0.8 0.0 0.15 0.05 0.0
18–64 Full-time 0.0 0.8 0.15 0.05 0.0
18–64 Part-time 0.0 0.1 0.8 0.1 0.0
18–64 Unemployed 0.0 0.1 0.1 0.8 0.0
18–64 Retired 0.0 0.0 0.2 0.0 0.8
65+ Full-time 0.0 0.7 0.05 0.05 0.2
65+ Part-time 0.0 0.0 0.8 0.0 0.2
65+ Retired 0.0 0.0 0.1 0.0 0.9

Table 1: Rider-Level Priors (Full-time and part-time refer to working adults).

Demand Experiment Service VMT PMT VMT/PMT Mean Mean
Profile Rate Wait Detour

200 Requests Baseline 99.5 105938.0 75226.8 1.41 833.78 533.89
New Agent 100.0 104929 75685.9 1.39 867.95 540.50

400 Requests Baseline 67.86 94832.1 68858.2 1.38 514.49 1199.71
New Agent 66.07 98651.8 67082.2 1.47 474.80 2306.68

Table 2: Comparison of service metrics when optimizing with and without swap
heuristic, setting the number of prebooked requests to 80 and the number of
requests to be scheduled to 200.

provide the detailed comparisons. However, the limited data introduces bias,
resulting in a wide spread between the minimum and maximum times.

Although the flexible cases are similar across the experiments, the agent
increases the average best-option value in flexible cases from 0.62 to 0.69. Because
the total number of requests is small, the agent cannot meaningfully learnfrom
rider information to update the category matrix; while weights do change, the
differences from the baseline are minimal.

We note that these results are preliminary, and at this stage, the evaluation
is intended primarily to illustrate the feasibility of the proposed framework and
to provide an initial indication of how rider flexibility may be incorporated into
scheduling decisions. Additional simulation experiments with larger trip request
datasets are needed to assess the robustness of the approach across a broader
range of demand levels, rider behavior assumptions, and operational settings.

3 Future Work

Future work will focus on improving the human-centered design of the system,
strengthening the integration between AI-supported rider interactions and op-
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Fig. 1: "benefit" is our baseline. "learned" is our agent’s performance.

timization scheduling, and advancing the proposed system from concept and
prototype development toward real-world deployment. Our first priority is to
conduct user studies to further refine the persuasive messaging component so
that the system can more effectively encourage riders to make prosocial sched-
ule adjustments without creating burden or reducing trust. The user studies will
also allow us to test how quickly and accurately the Rider Agent can learn rider
preferences and identify acceptable forms of flexibility.

As part of the user studies, we will also examine how large language mod-
els (LLMs) can support the development of alternative persuasive messages for
encouraging rider flexibility. Specifically, we will use LLMs to generate mes-
sage variants that differ in framing, tone, and emphasis, such as highlighting
community benefit, fairness, reciprocity, or system efficiency, while keeping the
requested schedule adjustment constant. We will then assess their effectiveness
by comparing outcomes such as riders’ willingness to accept alternative trip
times, perceived fairness of the request, trust in the system, and overall satis-
faction with the interaction. This process will help us identify which forms of
AI-generated persuasive communication are most effective and acceptable, and
how LLM-based message generation can be incorporated into a human-centered
microtransit decision support framework.

Additionally, we will expand our simulation framework by testing the system
under a wider range of demand scenarios and by incorporating trip request data
from multiple microtransit services. This will allow us to evaluate the robustness
and transferability of the proposed approach across different operating contexts.
On the implementation side, future work includes completing the user interface
and back-end infrastructure for our microtransit application so that the full
system can support end-to-end trip requests. Together, these efforts will prepare
the project for a pilot implementation in Spring 2027 in the City of Wilson,
where the proposed framework can be evaluated in practice.

Acknowledgments. We acknowledge support from the US National Science Founda-
tion (grant SCC-2325720).
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5.1 Algorithmic Recommendations Alter the Spread of Competing
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Abstract Social media platforms are key environments for information
spreading. Such information can present competing perspectives, and its
reach is a matter of human action and algorithmic curation. To alleviate
information overload, feed recommendation algorithms filter information
based on users’ interests and the perceived utility of information and
engagement. Prior work studied the role of these algorithms on social
dynamics such as polarisation; however, no study, to our knowledge, has
focused on how this technology might alter the very dynamics of how
competing information spreads. In this paper, we show preliminary res-
ults of this investigation. Through a complex systems approach, we find
that algorithmic recommendations can alter the size and structural viral-
ity of information cascades, and exacerbate the reach of already attract-
ive content. Different ways of determining what is worth recommending
also seems to play a very significant role.

Keywords: social media · recommendation algorithms · complex sys-
tems · sociotechnical systems · agent-based modelling.

1 Introduction

Feed recommendation algorithms are a widespread technology in social media
platforms (SMPs) [5, 20]. Given the large amount of data circulating on these
platforms, pieces of information can be seen as competing with each other for
users’ limited attention [16, 22, 26]. Feed recommendation algorithms are a way
of automatically providing each individual relevant content and of keeping them
engaged for longer periods of time [4,5,17,20,21,23]. Considering this, SMPs can
be seen as sociotechnical systems where users with different (and often compet-
ing) preferences have their digital environment shaped by large-scale AI tools.

While recommendations can contribute to user satisfaction due to the relev-
ance and discovery aspects it addresses [14, 20, 21], there is an ongoing debate
as to whether these are associated with a number of undesirable outcomes, such
as unbalanced amplification of certain political views [9, 18] or higher exposure
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to extremist content [7, 8, 27]. A number of works have previously addressed
the question of how information spreads on SMPs [6, 10, 25]. In 2016, Goel et
al. [6] introduced structural virality to measure how diffusions differ in terms of
their structure, giving us insights about how information spreads. In particular,
structural virality measures how much a piece of information spreads through
large broadcasts or peer-to-peer transmission – if it happened mostly through
the first, then structural virality is low; if it happened mostly through the latter,
then structural virality is high. However, to our knowledge, the way in which
feed recommendation algorithms themselves affect the scale and structure of
information diffusion events is still a largely unanswered question.

With this paper, we propose answering the following two research questions:
1) do recommendations substantially alter how information spreads on
SMPs?, and 2) how might this change depending on how recommend-
ations are made? To answer these questions, we propose a complex systems
approach: by creating a simple model of the various interacting parts in these
systems, we hope to gain valuable insights about the complicated algorithms
used in most large SMPs. In the following sections, we will explain our approach
in greater detail and present some preliminary results.

2 Methods

We assume a networked model, as networks are a common way in which in-
formation spreads on SMPs [20]. We will be using scale-free networks, a network
topology that has been found to emerge on X (formerly Twitter) [15, 19]. For
now, we have used networks generated by the Barabási-Albert model [2], with
N = 1.000.000 nodes and m = 10, and plan on using different topologies in the
future, as well as real social media networks.

There are two main components to our model. The first component is the
information spreading component. For this, we will rely on the SIR epidemiolo-
gical model [13], following previous work [6,10]. In this model, one can be either
Susceptible (S), Infected (I), or Recovered (R). Following [6, 12], we follow the
Reed-Frost of this model – at every timestep t, every S neighbour of an I indi-
vidual can be independently infected with probability β, turning into an I if the
attempt is successful. By the end of that timestep, those that were infected at the
start of the timestep become recovered (R). To capture information competition,
the SIR needs to be extended – we adopt the simplest case, with two competing
strains and perfect cross-immunity (i.e. a person infected by one strain cannot
become infected by the other), as studied in [12]. The two strains, which we will
call the blue and red strains, have two different infection probabilities: βb and
βr, respectively. One can think of each strain as different posts about a topic.

Finally, a useful measure to keep track of in an SIR-like model is the basic
reproductive number, or R0. This represents the average number of infections
an infected individual in a fully susceptible population might cause. As we will
be using networks, R0 is computed as R0 = β⟨k⟩, where ⟨k⟩ is the average
degree of the network (this formula overestimates R0 for networks with high
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degree heterogeneity; while previously used by Goel et al. [6] and in network
epidemiology [1], we shall use a more precise formula in the future).

The second component are the recommendations. We have simplified the
complicated mechanisms of recommendation systems to the following interac-
tion: every timestep, the recommendation algorithm has a mediating role on
how likely an I individual is to contact with an S – only if contact happens,
does that susceptible individual have a chance to become infected. This mech-
anism can be summarised with the following equation:

rp(t) =
Mp(t)

α

∑
p′∈P Mp′(t)α

, (1)

where p is a post, P is the set of all posts, Mp(t) is a certain metric of post
p at timestep t, and α represents what we called the strength of recommenda-
tion. The value of rp(t) then represents the probability that a susceptible user
will be in contact with post p through a neighbour infected with post p, at
timestep t. The metric considered is popularity, measured through content dif-
fusion on the network. Specifically, we have considered three different types of
recommendations: infected-based (I-rec, where Mp(t) = Ip(t)), recovered-based
(R-rec, where Mp(t) = Rp(t) + 1), and infected-recovered-based (IR-rec, where
Mp(t) = Ip(t) + Rp(t)). I-rec can be thought of as considering the people en-
gaged with the post p at timestep t. R-rec considers all past engagement for that
post, disregarding the current state of engagement (this metric has to start at
1 because there is no past engagement at time step t = 1). Finally, IR-rec takes
both past and current engagement into account.

We will study our model using simulations. Every simulation starts with a
single infected node for each post – this allows us to keep track of the diffusion
of the post throughout the simulation, allowing us to build its diffusion tree as
the post is transmitted from node to node [6]. The initial node is either selec-
ted randomly from the whole network (random seeding) or randomly selected
to be one of the two highest degree nodes on the network (hub seeding). The
pseudocode we used to perform these simulations can be found in Appendix B.

3 Results

In this section, we present preliminary results from our investigation. To analyse
how recommendations affect information flow on online social networks, we will
be using size and structural virality (SV) as metrics [6,10,25]. Size is measured as
the total number of nodes in a diffusion tree, while structural virality is measured
by the average shortest path length between all pairs of nodes in a diffusion tree
(see Appendix A). Finally, for each set of parameters, we have performed 50,000
simulations. Following [6], we will only consider diffusions with more than 100
infections. We will present the results for hub seeding, as there is more direct
competition between the two posts, but one can see the results for random
seeding in Appendix C.
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Figure 1. Letter-value plots of size and SV while varying R0,r, in the absence or
presence of an I-rec, using hub seeding (R0,b = 0.4, α = 1). The recommender enables
blue to compete with red for higher values of R0,r. SV is non-monotonic in both cases.

First, we will present how size and structural virality change as we change
the attractiveness of the red post (R0,r), both in presence and absence of a
recommender system, while keeping the that of blue fixed at R0,b = 0.4 (largest
range of values for size and SV, using random seeding). We have assumed an
I-rec with α = 1.0 when recommendations are present. In Figure 1 one can
see that when the recommender is absent, as the attractiveness of the red post
increases, blue seems to have fewer and fewer chances of reaching the size it
would reach if competing with a less infectious post. With I-rec, however, blue
post is able to keep its size, with red still being able to grow regardless. Looking
at SV, one can observe that the same pattern occurs. Moreover, SV seems to
peak when R0,r = 0.4, before decreasing again.

Our second set of results pertains to the impact of the strength of recom-
mendation parameter (α) and the type of recommender (I- and R-rec; one can
find the results for IR-rec in Appendix D). |α| controls how deterministic the
recommendations are, and its sign determines whether to favour posts with lower
or higher metrics. By observing Figure 2 and Figure 3, a common thread seems
to be that the recommender tends to favour the post with highest attractiveness,
even for negative values of α. As soon as α becomes positive, while both posts
have a sharp increase in size, the increase of the most attractive post is far larger
than that of the less attractive post. |α|, in turn, does not seem to have a very
significant effect. Furthermore, the recommenders seem to impact the spread
differently: while I-rec starkly alters the diffusion as α and R0,r increase, R-rec
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Figure 2. Letter-value plots of size and SV while varying α, with an I-rec, using hub
seeding, and for three regimes of R0,r (R0,b = 0.4). The recommender tends to favour
the post with the highest infectivity.

affects the spread more progressively. When it comes to SV, there seem to be
two different effects: I-rec seems to mostly affect SV for higher values of R0,r,
and R-rec seems to have a significant effect for the three scenarios of R0,r.

4 Conclusion

In this paper, we show that feed recommendations can significantly affect the
spread of competing information on online social networks. Although prior work
has modelled competing information in various ways [16,22,26], we align our ap-
proach with studies on structural virality [6, 10], modelling information spread-
ing using a competing-strains SIR framework [12]. Recommendations seem to
drastically affect not only the size of information cascades, but also their struc-
tural virality. We also find that the choice of recommender can affect information
spreading in different ways.
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Figure 3. Letter-value plots of size and SV while varying α, with an R-rec, using hub
seeding, and for three regimes of R0,r (R0,b = 0.4). Higher infectivity if favoured here
too, but the changes seem to be more progressive than those in Figure 2.

By using a complex systems approach, we have showed a number of prelim-
inary results that could help one understand how feed recommendation systems
might affect online information diffusion. Given the effect this technology might
have on attractive information, and given that fake news usually have higher
infectiousness than true news [10], it can have very serious repercussions. There
are, however, potential extensions to complement our work in the future. Firstly,
we would like to experiment with different network topologies, as topology can
significantly alter diffusion processes (and not all online social network topo-
logies are scale-free [3, 19, 24]). We would also like to extend the number of
simulations we perform, and use more than one graph per network topology to
improve the robustness of our results, as well as explore alternative types of
recommenders. Finally, testing if recommendations have a significant impact on
networks where there is the presence of highly homophilic minority and major-
ity groups [11] could deliver important insights when it comes to inequalities of
exposure between groups that might arise.
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A Metrics

Given a diffusion tree T with N nodes, we present here the metrics we have
used. Size can be defined in the following way:

size(T ) = N, (2)

and structural virality (SV) is defined as the average distance between all pairs
of nodes in T , as defined by Goel et al. [6]:

SV(T ) =
1

N(N − 1)

N∑

i=1

N∑

j=1

dij , (3)

where dij is the length of the shortest path between nodes i and j.
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B Simulation algorithm

Here were present the pseudocode for a single run of the simulations we per-
formed. It follows the usual networked SIR simulation pipeline, with some addi-
tional changes to model post competition, recommendations, as well as keeping
track of the diffusion trees.

Algorithm 1 Single run of a simulation
seed_posts(posts) ▷ Also adds the root node to the diffusion trees of each post.

while any(active_posts(posts)) do
for post in shuffle(posts) do

inf_nodes ← copy(infected_nodes(post))
rec_prob ← compute_recommendation_probability()
for inf_node in inf_nodes do

for sus_neigh in susceptible_neighbours(post, inf_node) do
if rand() ≥ rec_prob then

continue
else if rand() ≥ post.infection_probability then

continue
end if
infect(sus_neigh)
add_node_to_diffusion_tree(post, inf_node, sus_neigh)

end for
recover_node(inf_node)

end for
if number_of_infected(post) = 0 then post.active ← False
end if

end for
end while
return get_diffusion_trees(posts)
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C Random seeding results

In this section, we present the plots for the same type of simulations presented
in Appendix 3 but using random seeding instead of hub seeding.

10
2

10
3

10
4

10
5

S
iz
e

No Recommender

10
2

10
3

10
4

10
5

With Recommender

0.1 0.2 0.3 0.4 0.5 0.6
R0, r

0

10

20

30

40

50

60

70

80

S
V

0.1 0.2 0.3 0.4 0.5 0.6
R0, r

0

10

20

30

40

50

60

70

80

Post Colour
Blue Red

Figure 4. Letter-value plots of size and SV while varying R0,r, in the absence or
presence of an I-rec, using random seeding (R0,b = 0.4, α = 1). Given that in this case
it is harder for diffusions to compete in the early stages, the size of the blue cascade is
also largely unaffected when there is no recommender.
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Figure 5. Letter-value plots of size and SV while varying α, with an I-rec, using
random seeding, and for three regimes of R0,r (R0,b = 0.4).
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Figure 6. Letter-value plots of size and SV while varying α, with an R-rec, using
random seeding, and for three regimes of R0,r (R0,b = 0.4).
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Figure 7. Letter-value plots of size and SV while varying α, with an IR-rec, using
random seeding, and for three regimes of R0,r (R0,b = 0.4).
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D IR-rec results with hub seeding

In this section, we present the results for the α experiments using the IR-rec,
which we did not include in the main text.
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Figure 8. Letter-value plots of size and SV while varying α, with an IR-rec, using hub
seeding, and for three regimes of R0,r (R0,b = 0.4). The results could be seen as an
in-between of those presented in the main text for I- and R-rec.
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Abstract. Generative Agent-Based Modeling (GABM) has emerged as
a paradigm shift for agent-based simulations, leveraging Large Language
Models (LLMs) to create sophisticated personas that enrich agents with
granular characteristics, emotions, and political opinions. Importantly,
this new simulation paradigm has the potential to underlie sandbox sys-
tems to evaluate interventions in online social platforms. Despite the
promise of these enriched simulations, we face the risk that personi-
fied agents function as caricatures rather than characters. Here we in-
vestigate this problem. We argue that highly granular personas cause
agents to strictly adhere to polarizing instructions rather than engag-
ing in human-like reasoning. To test this, we conduct an ablation study,
systematically removing layers of polarizing identity from LLM-based
agents. Our results indicate that agents are highly sensitive to assigned
identities: minor changes in persona inputs significantly alter simulation
outcomes. Specifically, when testing agents’ social links formation, we
find that, without stripping agents of political identification, after cer-
tain ablations, they begin to form cross-party ties and engage more with
non-polarizing content. We call for more rigorous frameworks to ensure
digital agents accurately reflect the nuances of human behavior.

Keywords: Generative Agent-Based Modeling · Social Simulation · Per-
sonas.

1 Introduction

The struggle for building better social media remains persistent. Despite continu-
ous innovation in algorithms, platform architectures, and connection paradigms,
researchers still struggle to address the instability of digital relationships.

Regardless of the research angle, one primary obstacle remains: evaluating
interventions is incredibly hard. While the literature suggests various pathways
toward pro-social digital environments [2], the friction between complex real-
world social dynamics and the opaque mechanics of social media platforms makes
robust, reproducible research nearly impossible.

In this context, simulations offer a valuable alternative for evaluation. By
utilizing agent-based models (ABMs), researchers can construct synthetic net-
works where agents with specific behavioral characteristics interact in controlled
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environments. These models reveal broader, macroscopic patterns by explicit
user assumptions. For instance, by comparing different homophily and social
influence settings [11].

The emergence of large language models (LLMs) and agentic AI offers a
paradigm shift for these simulations. Generative agent-based modeling (GABM)
[4], also referred to as generative social simulation, is a new subfield that has
begun to leverage LLM agents to simulate networks where they consume news,
share content, interact with others, and form connections [3,12,6]. This looks
like a sophisticated evolution of traditional ABMs, which have long been crit-
icized for their simplicity. Conventional agents are a collection of a limited set
of attributes that take actions based on rigid rules. They lack cultural context,
reasoning capabilities, and the nuances of human discourse [6]. In contrast, LLM
agents can be enriched to allow for very granular heterogeneity through personas:
mechanisms that imbue agents with physical characteristics [9,3], emotions [3],
memory [9,13], professional occupations [9,3,6], political leanings [6], or personal
relationships [9,14].

To ensure these personas represent real-world populations, researchers often
look to empirical data, such as surveys, to extract personas from participant
responses. By converting these into textual descriptions, one can theoretically
imbue an LLM agent with far more granular information than traditional ABM
agents. Recent studies on algorithmic feeds via these personas found that sim-
ulated networks trend toward polarization, segregation, and hierarchies [12,6,8].
These results suggest that improving social media is particularly hard 1.

Yet real-world evidence shows that pro-social behavior emerges in online so-
cial networks [2]. If humans find common ground, why do their digital equivalents
fail? We ask whether this flaw lies in the persona itself, rather than the sorting
algorithms. A growing body of work supports this concern: prompt-configured
personas produce more stereotypical behavior than human portrayals [1], and
fundamental mismatches exist between what simulations optimize for and ro-
bustness to implementation details [7]. We see a risk that these agents strictly
adhere to polarizing instructions instead of performing nuanced reasoning.

To test this, we perform an ablation study. By sequentially removing layers
of the agent’s persona, we show that LLM agents are very sensitive to their
assigned identities—even small changes to an input can significantly alter sim-
ulation outcomes. We show that, after ablations, users begin to form ties with
those of the opposing party and even engage more with less polarizing content.
We urge caution when interpreting results derived from personas and call for a
more rigorous framework for modeling digital agents.

2 Generative Agent-Based Modeling with Personas

In generative agent-based models (GABMs), large language model (LLM) mod-
ules are integrated with individual agents, either to execute actions directly or
1 See "Social media probably can’t be fixed" https://arstechnica.com/science/
2025/08/study-social-media-probably-cant-be-fixed/
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Persona Statement 

You are female. You are married. You are high income. 
Age: 32. You are not religious. You are from 
California. Education: Graduate degree. You are White. 
You are heterosexual.  
You voted for Joe Biden in 2020.  
You are a strong Democrat.  
You love Democrats, Joe Biden, scientists, and 
journalists.  
You hate Donald Trump, NRA, and Christian 
Fundamentalists.  
You consider yourself slightly liberal.  
You think the most important problems facing the 
country are Health care, Government, and Race 
relations.  
Your occupation is Data Analyst. You like Wine Tasting, 
Art Galleries, and Podcasting.

Performed Ablations 

Voting Behavior: Remove voting 
statement.
 
Political Identity: Remove 
party identity statement.
 
Affective Polarization: Remove 
love/hate statements lists

Fig. 1. To evaluate the sensitivity of generative agent-based models on personas, we
ablate three layers of political identity: (1) past behavior, (2) party identification, and
(3) affective polarization (love/hate lists), while keeping other statements unchanged.

to provide the memory and reasoning capabilities that support the underly-
ing model [4]. In this paper, we employ the recently proposed generative social
simulation (GSS) framework [12,10,6] to simulate a stylized, Twitter-like social
network. Within this environment, agents asynchronously read and share news,
interact with and repost content from others, and follow agents after an inter-
action. These actions are mediated by an LLM acting on behalf of each agent.
By running these simulations, we can observe the longitudinal evolution of the
network and quantify the extent of homophily, cross-party interaction, and po-
larization within the system.

Personas are the core of agents in GSS. Just as in classical ABMs agents are
defined by parameters such as homophily, in GSS, they are defined by personas.
For example, an agent with high homophily in ABMs becomes an agent with
strong partisan identity in GSS. Similarly, a scalar opinion parameter in the
range [−1, 1] translates to a qualitative statement such as "You strongly believe
in X." By replacing abstract variables with descriptive personas, GSS attempts,
through language, to enrich an agent and capture the messy reality of human
identity and interpersonal interactions.

Empirical data can be used to create realistic personas. A primary source for
such data is the American National Election Studies (ANES) survey. Conducted
every four years, the survey provides a rich dataset covering demographic details,
political participation, party affiliation, voting behavior, and attitudes toward
specific policies or public figures. By converting answers to questions into state-
ments, an agent takes up a very specific persona. Figure 1 shows an example of
such a generated persona.
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3 Methodology

We use the recently proposed generative social simulation framework to create
a Twitter-like platform populated by generative agents [6]. At each timestep, an
agent, reads a feed of ten posts. This feed consists of five posts from accounts
they follow and five selected by a "boost out partisan" algorithm, which prior-
itizes content from agents of the opposing political party [6]. After reading the
feed, the agent chooses one of three actions: repost one of the ten visible posts,
select and share a news headline from a curated database, or take no action.
If an agent chooses to repost content, they are prompted to review the original
author’s biography and decide whether to follow them. Over time, these iterative
interactions evolve the network structure of the platform. To test our hypothesis,
we perform three cumulative ablations on the generated personas:

1. Affective Polarization (AP): Removing phrases regarding institutions
or individuals based on rated survey responses (e.g., converting a rating of
> 90/100 from "You love X" to a neutral state).

2. Party Identity (PID): Removing the statement "You are a strong/moderate
Democrat/Republican/Independent.

3. Voting Behavior (VB): Removing "You voted for X in 2020."

Figure 1 illustrates the content removed at each stage. These ablations are
applied in two phases. First, we remove these elements only from the agent’s
external social bio while retaining them in the internal persona definition. This
accounts for the theory that individuals self-present differently online than in
person, often omitting their full range of political sentiments from their public
profiles. In the second phase, we also remove these statements from the internal
persona, directly influencing the agent’s reasoning and actions.

Note that during the ablation, the agents are not completely rid of all lean-
ings. They maintain political orientations (e.g., liberal or conservative) and their
beliefs in societal concerns like healthcare or race relations. We only target po-
larizing or superficial markers, such as "love/hate" lists.

We use OpenAI’s gpt-4o-mini for the LLM-driven components of our exper-
iments. Our focus is not on evaluating the technical performance or inherent
biases of specific LLMs—topics already well-documented in existing literature.
Instead, we investigate the design choices involved in employing these models.
We believe that our findings regarding the impact of persona design will remain
relevant regardless of future improvements in LLM biases, as the core issue lies
in using them to generate personas from surveys.

3.1 Experimental Setup & Evaluation

We created a platform with 500 agents and ran it for 5000 steps. Each platform
setting is simulated 10 times with different seeds.

We evaluated the collective outcomes post-simulation, based on three metrics:
EI index, the average clustering coefficient, and the correlation between retweets
and partisanship, a measure of how being partisan benefits you in the network.
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The E-I index measures the extent of homophily in the network by comparing
the number of external links (EL) between agents of different parties (Democrats
and Republicans) to the number of internal links (IL) within the same party.

EI =
EL− IL
EL+ IL

(1)

Where EI ∈ [−1, 1], with −1 indicating perfect homophily and segregation.
We also used the clustering coefficient to measure the networks’ general ten-

dency to form tightly knit clusters, regardless of party identity. For a node v
with degree kv, the local clustering coefficient Cv is:

Cv =
{ejk : vj , vk ∈ N(v), ejk ∈ E}|

kv(kv − 1)
, (2)

where N(v) is the number of nodes and E are the edges. We then calculate the
network-wide average clustering coefficient (average of all nodes).

Finally, to quantify the degree to which partisanship translates to social
capital, we calculate the correlation between an agent’s partisanship and their
total received retweets. Partisanship is calculated using the ANES survey "feeling
thermometer" responses [6]. The partisan score P of an agent is calculated as:

P =
feelingRepublican− feelingDemocratic

100
(3)

where P ∈ [−1, 1], with −1 indicating a strong Democrat and +1 a strong
Republican.

4 Preliminary Results

In Figure 2, we evaluate the performance of simulated platforms across the three
metrics. The top panels illustrate the ablation of persona statements from the
agents’ social biographies, while the bottom panels show the impact of removing
them from the underlying personas.

Removing information from the publicly visible bios resulted in small, non-
significant shifts. The E-I index remained negative, indicating that agents still
primarily connect with co-partisans. The clustering coefficient showed no signif-
icant change across biography variations. Interestingly, removing explicit voting
behavior led to a (non-significant) upward trend in partisans receiving reposts.
This suggests that the internal persona dictates much of the reposting behavior
of the agent, regardless of the other agents’ biographies.

In contrast to the biographies, ablating the agents’ internal persona instruc-
tions led to substantial changes in the network. As polarizing statements were
removed, the E-I index shifted significantly. The removal of "love/hate" lists and
political identity prompted a statistically significant increase in cross-party con-
nections between Democrats and Republicans. Removing the voting behavior
enhanced this trend. Furthermore, we observe an inverse trend in the clustering
coefficient, where agents formed tighter, more frequent clusters. While seemingly
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Fig. 2. We compare collective outcomes when modifying public-facing biographies
(top) and internal persona prompts (bottom). Stars indicate statistically significant
differences compared to the full persona baseline (Mann-Whitney test, p < 0.05).
Results indicate that while public bio changes lead to small shifts, internal prompt
ablations significantly reduce polarization, as evidenced by a rising E-I index and a
shift toward penalizing extreme partisan content.

counterintuitive, this suggests that triadic closure becomes easier when agents
are not strictly linked to extreme partisan personas. The internal ablation re-
sulted in a healthier platform overall: we observed a shift toward a much smaller
correlation between retweets and partisanship.

5 Conclusion

Our results call for scrutiny on using generative social simulations as human
proxies. Empirical Twitter data shows a 20 − 33% partisan cross-following [5],
while we find that full personas produce near-zero cross-party connections. This
is caused by LLMs treating persona statements as instructions to follow. We rec-
ommend mechanism ablations as standard practice and suggest enriching per-
sonas beyond survey-derived statements.
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